Essays on Anomalies in International Equity Markets by Cheng, Xiao
City University of New York (CUNY) 
CUNY Academic Works 
All Dissertations, Theses, and Capstone 
Projects Dissertations, Theses, and Capstone Projects 
2-2020 
Essays on Anomalies in International Equity Markets 
Xiao Cheng 
The Graduate Center, City University of New York 
How does access to this work benefit you? Let us know! 
More information about this work at: https://academicworks.cuny.edu/gc_etds/3626 
Discover additional works at: https://academicworks.cuny.edu 
This work is made publicly available by the City University of New York (CUNY). 
Contact: AcademicWorks@cuny.edu 
Essays on Anomalies in International Equity Markets
by
XIAO CHENG
A dissertation submitted to the Graduate Faculty in Economics in partial fulfillment of the






This manuscript has been read and accepted by the Graduate Faculty in Economics in
satisfaction of the dissertation requirement for the degree of Doctor of Philosophy.
Tao Wang







The City University of New York
iii
Abstract




This dissertation consists of three chapters related to empirical asset pricing in the interna-
tional stock market.
Chapter 1: “Loss of International Sales and Stock Performance” Using inter-
national firm-level data from 1990-2015, I show that when global firms’ total international
sales drop to zero, this conveys an important signal about future firm operations. An equal-
weighted portfolio that sells stocks of firms that completely lost international sales and
buys stocks of global firms earns up to 86 basis points per month (over 10% per year).
This return predictability cannot be explained by the Fama-French international three- or
five-factor models. Further examination suggests that investors’ inattention and limits to ar-
bitrage could partially explain this phenomenon. This paper is among the first to document
the impact of firm global de-diversification by studying those firms that exited international
markets completely during our sample period.
Chapter 2: “Moving Average and Anomalies” Using international firm-level data
from 1990 to 2019, I show that a simple moving average based stock screening procedure
during the portfolio formation period can enhance the returns of eight anomaly hedge port-
folios by 38 basis points on average per month (4.56% per year). The return enhancement
from the moving average screening strategy remains robust across different variations and
iv
cannot be explained by the Fama-French international five-factor model.
Chapter 3: “Can Volatility Management Enhance Anomaly Performance?” In
this chapter, I examine whether the volatility-managed strategy enhances hedge portfolio
returns of nine well-documented anomalies for international equity markets. By analyz-
ing firms’ financial data from 23 developed markets with a sample period of 1990-2019, I
find that on average volatility-managed anomaly hedge portfolios earn additional 59 basis
points per month (7.07% per year) compared to the original anomaly hedge portfolios. The
Sharpe ratios, on average, increase by 0.24. The enhancement in portfolio returns cannot
be explained by the Fama-French international five-factor model. Our results remain robust
under different variations and model setups.
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Chapter 1
Loss of International Sales and Stock
Performance
1.1 Introduction
Globally diversified firms operate in multiple countries and cater to local as well as global
businesses and consumers. As much as there are many benefits from global diversification,
such as synergy from internalization (Morck and Yeung, 1991 and Caves, 1971) and a rela-
tively low cost of capital, firms generating sales in multiple countries and regions are subject
to economic or political shocks from its corresponding industries, regions, and countries.
We study the impact of changes in total foreign market sales on the performance of
globally diversified firms. We show that when global firms’ total international sales drop
to zero, this conveys an important signal about future firm operations. However, whether
and how investors pay attention to this signal would determine how stock prices react to
the total loss of international sales for these multinational corporations. In particular, it is
possible that information from a distant or complicated international operation is digested
slowly and contributes to investors’ inattention (Hong and Stein, 2007; Merton, 1987).
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Previous studies examine the effect of investors’ limited attention on the slow incorpora-
tion of new information into stock prices in the context of information release by multina-
tional corporations (MNC). Huang (2015) studies whether the sales-weighted sum of foreign
market industry returns could help with return predictability for U.S-based MNCs. Finke
and Weigert (2017) extend the analysis to multinational firms worldwide and again use the
sales-weighted average of industry-level returns in the relevant foreign countries to proxy for
a firm’s foreign information. They find that a portfolio strategy based on firms’ foreign sales
information yields future returns of more than 10 percent annually globally. Both studies
propose that the underpinning for return predictability is investors’ lack of attention to news
and/or lack of understanding of foreign information.
Our paper focuses on sales information released by global firms that have just lost all
of their international sales. We use a sample of firms from 22 developed countries over a
25 years period from 1990 to 2015 from the Thomson Reuters Eikon database. We define
MNCs as firms with positive total international sales in the past three years, domestic firms
as firms with zero total foreign sales in the previous three years, and LAIS firms as firms
“lost all international sale” with positive foreign sales in year t-3 and t-2, but no foreign
sales in year t-1.
We find companies that lost all their international sales last year significantly under-
perform MNCs afterwards. Using the end of June as the starting month each year, Figure
1 plots the average cumulative monthly returns following the LAIS information release for
LAIS firm together with the monthly returns for global MNCs and domestic firms. LAIS
firms not only underperform MNCs but also underperform domestic firms for the next 24
months. An equal-weighted portfolio that longs global MNCs firms and short sells LAIS
firms earns a profit of 0.85% each month, equivalent to 10.2% annually.1 In other words, by
1The annual return is calculated and reported as 12 times the monthly return. We use the same convention
for all chapters in this dissertation.
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knowing that firms lost all international sales for the last year, one can predict the firms’
future stock returns.
When we evaluate the portfolio return against the Fama-French global three-factor and
five-factor models (Fama and French, 1998 and Fama and French, 2017), the portfolio still
earns statistically significant alphas of 0.76% and 0.70% per month (9.12% and 8.40% per
annum). In addition, using LAIS as a dummy variable, the LAIS dummy shows a robust neg-
ative and statistically significant impact on future returns in the Fama-MacBeth regression
when we control for additional firm characteristics, such as market beta, size, book-to-market
ratio, asset growth, operating income, and momentum.
We shed light on possible explanations for the effect. We test the investors’ limited atten-
tion and limits of arbitrage hypotheses. If investors’ limited attention or limits of arbitrage
are driving the effect, varying the degree of investor inattention or limits of arbitrage would
affect the magnitude and significance of the regression results. The results are consistent with
both hypotheses. Firms with more analyst coverage and higher liquidity are less affected by
the LAIS impact.
Our paper is broadly related to the recent literature on firm-level predictability due
to limited investor attention and slow information diffusion. Merton (1987), Hong et al.
(2000), and Hirshleifer and Teoh (2003) examine theoretically the effect of limited investor
attention. Cohen and Lou (2012) document return predictability based on investors’ limited
ability to analyze complicated firms. Nguyen (2012), Huang (2015), and Finke and Weigert
(2017) investigate the hypothesis that value-relevant foreign information slowly diffuses into
stock prices of multinational firms. Our paper enhances existing literature by documenting
that loss of all international sales information is slowly incorporated into stock prices, and
investors limited attention could be one of the drivers in explaining it.
The paper is also related to previous studies on global diversification. Fatemi (1984)
finds that abnormal returns arise preceding initial foreign diversification. In our case, firms
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classified into LAIS firms could either temporarily lose foreign sales and come back to inter-
national markets in later years, or decide to exit international markets completely. Dividing
LAIS samples into two categories of firms, we find that firms that completely exit interna-
tional markets have even lower stock performance. An equal-weighted portfolio that longs
global MNCs firms and short sells those LAIS firms that completely exit international mar-
kets in our sample earns a profit of 1.08% each month, equivalent to 12.96% annually, which
is higher than that if all LAIS firms are included in the portfolio. Therefore, our paper
provides the first result on firm performance for those that completely exited international
markets, i.e., global de-diversification.
The remainder of the paper is organized as follows. Section 1.2 describes the data and
variables we use. Section 1.3 presents empirical results. Section 1.4 provides possible eco-




In this section, we describe our datasets. The stock return and market capitalization se-
ries are from Thomson Reuters Datastream (TDS). Firms’ fundamental financial data are
from Worldscope. Analyst coverage data are from I/B/E/S. All these datasets are accessed
through Thomson Reuters Eikon. Our sample consists of 22 developed markets, including
Australia, Austria, Belgium, Canada, Denmark, Finland, France, Germany, Hong Kong, Ire-
land, Italy, Japan, Netherlands, New Zealand, Norway, Portugal, Singapore, Spain, Sweden,
Switzerland, the United Kingdom, and the United States. We keep common stocks only and
drop all stocks that have their major listing different from the location of their headquar-
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ters. We also drop all financial companies from our analysis since the foreign sales variable
is defined differently for those financial firms. To avoid survivorship bias, we include both
active traded and defunct stocks in our sample.
The use of international market data has been widely accepted in studies of equity market
returns. It helps extend traditional US anomaly studies to international markets, which
provides robust checks for results based on US data only. We screen TDS data for coding,
returns, and other possible data errors based on the methodology provided in Ince and Porter
(2006). Following previous studies, we winsorize all fundamental variables at the 1% and
99% level within each country to reduce the effect of outliers. We use monthly returns as
holding period returns in our paper, and trim the return series at the top and bottom 1%.
We also drop all stocks with prices less than $0.10 to avoid the effect of penny stocks.2
The Thomson Worldscope database coverage on financial statement information is very
scarce before 1990. As a result, we choose our sample period from June 30, 1990, to December
31, 2015. To maximize the firm sample size for those who lost all their international sales,
we follow McLean et al. (2009) to include negative or missing book-to-market observations.
We drop all observations which have no firm size information, or the value of size was 0 or
negative.
Table 1.1 shows the summary statistics of our sample. We define MNCs as companies
that had positive foreign sales in the past three years. LAIS firms are defined as companies
that had positive foreign sales information in year t-3 and year t-2, but reported zero foreign
sales at the end of fiscal year-end t-1. Domestic firms are defined as companies that had zero
foreign sales for the past three years.
As shown in Table 1.1, we are able to identify 739 unique LAIS firms within our datasets.
2Ince and Porter (2006) suggest using $0.10, $0.25 or $1 as filters for robustness check, and they find
that the $0.10 filter works essentially as good as the other two. To balance between sample size and filter
size, we choose $0.10 as our threshold value. We also present the results of using $0.25 and $1 filters in the
appendix.
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On average, there are 29.6 LAIS firms per year.
Our final sample consists of 1,721,201 firm-month observation, including 8,462 LAIS and
948,557 MNCs firm-month observations. United States, United Kingdom, and Japan are the
top 3 countries with the highest number of LAIS firm-month observations. For a market to
be included in our portfolio construction at the end of June each year, a market should have
at least one LAIS firm in that year. However, for countries like New Zealand or Spain (one
LAIS firm identified throughout the whole sample period), Austria or Portugal (two LAIS
firms identified), it is implausible to do country by country portfolio construction. Hence
our results will be based on aggregated international markets and portfolio construction.
1.2.2 Variables
Our variable of interest is firms’ total international sales (Worldscope item 07101). We follow
Fama and French (2017) five-factor international model to choose our control variables. Size
is the end of June’s natural logarithmic market equity (unadjusted price times shares out-
standing) scaled by the mean size of firms for each country. This variable is used as a control
variable from July at year t to June at year t+1. The reason we scale the size variable is
that our portfolio is constructed based on all firms from all markets, not country-by-country.
Hence we want to reduce the effect of those countries with substantially large average mar-
ket equity stocks such as the US and UK. The argument is that the size effect should be
measured within each country, or after controlling for the country effect. Nevertheless, the
use of regular log size will not change our main results. BM is the book equity divided by
market equity. Book equity is based on the book value of equity as reported for year t-1.
Market equity is that on the last trading of June of current year t. We use the inverse of
Market-to-Book equity (MTBV) for BM ratios. This variable is used as a control variable
from July year t to June year t+1. To maximize sample size, we follow Pontiff and Woodgate
(2008) to generate a variable called BM dummy, to include all negative or missing BM value
6
observations. BM dummy is set to 1 if BM is positive, while both BM and BM dummy is set
to 0 if BM value is negative, 0, or missing. Mom is the aggregate holding period returns from
month t-7 to month t-1. All return series are calculated using the price series denominated in
US dollars. To be consistent with the Fama-French five-factor international model, we also
include AG and OP, where AG is asset growth and defined as the total asset (Worldscope
item 02999) growth at the end of fiscal year t-1, and OP is considered as a measurement of
profitability and calculated as dividing operating income (Worldscope item 01250) by book
market at the end of fiscal year t-1.
1.3 Empirical Results
1.3.1 Portfolio results
At the end of June in each year t, we form three portfolios using the international market
sales information at the end of fiscal year t-1. The LAIS portfolio includes all LAIS firms; the
MNCs’ portfolio includes MNCs only, while the portfolio for domestic firms includes domestic
firms only. The definitions for LAIS firms, MNCs, and domestic firms are explained in the
previous section. Portfolios are held for one year and rebalanced each year at the end of
June.
Panel A of Table 1.2 reports the average excess monthly returns for the equal-weighted
LAIS portfolio, the MNCs portfolio, and the portfolio for domestic firms only based on
foreign sales information. Excess returns are defined as raw returns minus the risk-free rate.
We could see from the table that the MNCs portfolio outperforms the LAIS portfolio by 85
bps each month (MNCs - LAIS), with the t-statistics at 4.66, suggesting that a simple long-
short strategy of buying MNCs’ stocks and short selling LAIS stocks yields 10.2% return
each year on average.
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Results in Panel A suggest that MNCs’ average monthly return is 0.54%, higher than
that of domestic firms, which is 0.3% per month. This result is broadly consistent with that
of Jang et al. (2017) who find that global multinational firms outperform domestic firms in
their sample period. Moreover, average returns for LAIS firms are even lower at −0.31% per
month.
The second and third rows of Panel A present the results of Fama-French international
three and five-factor models. For the three-factor model, the market excess return (MKT),
small minus big (SMB), and high minus low (HML) are used for independent variables. For
the five-factor model, RMW and CMA are added to the regression. RMW is the robust prof-
itability minus weak profitability, and CMA is the conservative investment minus aggressive
investment strategy. All the control variables are downloaded from Ken French’s website.
For the three and five-factor models, alpha estimates for the LAIS portfolio are −0.73% and
−0.69% respectively, both estimates are statistically significant at the 1% level. The long-
short portfolio, which buys the global firms and short sells the LAIS firms, yields statistically
significant alpha estimates at 0.76% and 0.70% respectively for the three and five-factor mod-
els. These results suggest that the excess returns on the LAIS portfolio and the long-short
portfolio cannot be explained by the Fama-French three and five-factor models.
Results based on value-weighted portfolios are shown in Panel B. However, the value-
weighted results are mostly statistically insignificant, although the average monthly return
for the MNCs portfolio is 0.59% and statistically significant. The alphas for the MNCs
portfolio are also statistically significant for the three and five-factor models. Still, the alpha
from the five-factor model for the long-short portfolio between the MNCs portfolio and the
LAIS portfolio is at 0.66% monthly and statistically significant.
One possible reason for the statistical insignificant result for the value-weighted portfolio
is that large-caps primarily dominate the value-weighted results in portfolios (Huang et al.,
2017). Our results suggest that within the LAIS portfolio, the big-cap stocks outperform
8
small-cap stocks. This phenomenon is consistent with results in section 1.4 where big-caps
usually suffer less from investors’ biases. We will discuss this more in section 1.4.
In sum, for the equal-weighted portfolios, the long-short portfolio excess returns and
alphas in factor models are all statistically significant. This indicates that the LAIS portfolio
consistently underperforms the MNCs portfolio, which cannot be explained by the Fama-
French three or five-factor models.
1.3.2 Fama-MacBeth regression results
In this section, we create a dummy variable, the LAIS dummy, to indicate the firm-month
that firms lost all international sales. We run Fama and MacBeth (1973) regressions to
examine the relationship between monthly equity return and the LAIS dummy variable, as
well as other control variables. To increase our sample size, we pool all countries together
to perform our analysis. We report the time-series averages for the coefficients of each
independent variable and adjust their t-statistics accordingly. The t-statistics are corrected
for autocorrelations with a lag of 1.
Table 1.3 reports the Fama-MacBeth regression results. Column 1 has the regression
results with the LAIS dummy as the only independent variable in the regression. The
negative relationship between the LAIS dummy and returns is captured by the model, with a
coefficient of −0.86, and t-statistics of −4.37. The LAIS effect remains statistically significant
after controlling for size, BM, OP, and AG (column 2), with a regression coefficient of −0.62
and t-statistics of −3.67. Column 3 reports the regression result after controlling for firm
characteristics and momentum effect as well. The LAIS effect remains negative, with the
coefficient at −0.56 and t-statistics of −3.30. The signs of control variables are generally
consistent with the literature, where returns are expected to be higher for companies with
higher BM ratio, higher profitability, and lower asset growth (conservative investment).
Column 4-6 show that the regression results are still robust after controlling for the
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industry effects. In other words, the LAIS effect does not come from the industry fixed
effect. In all three regressions, the LAIS effects are negative with t-statistics a little bit lower
than without controlling for industry effects, but still significant at least at the one percent
level.
The significant negative coefficients of the LAIS dummy after controlling for different
variables suggest that loss of all international sales poses a signal for future firm performance
as well as on future stock returns, and this effect cannot be explained by other control
variables.
1.3.3 Robustness checks
1.3.3.1 Alternative definitions of LAIS firms
In this sub-section, we test whether our results are robust to different construction of LAIS
firms. LAIS firms previously are defined as firms that had positive international sales for
years t-3 and t-2 but lost all international sales in year t-1. In Panel A of Table 1.4, we
change the definition slightly. One definition for LAIS is that we allow LAIS firms to have
positive international sales for years t-4, t-3, t-2, but lost all international sales in year t-1.
Another definition is that we allow LAIS firms to have positive international sales for year
t-2, but lost all international sales in year t-1.
Our results are robust to the alternative definitions proposed above. In both cases, the
long-short portfolio that buys MNCs firms and short sell LAIS firms generate positive and
statistically significant returns. Both the Fama-French international three and five-factor
regressions also yield positive and statistically significant alphas as well.
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1.3.3.2 Sub-periods results
In this sub-section, we test whether our main results remain in different time spans. We
separate our time periods from 1990-2015 to 2 sub-periods: 1990-2000 and 2000-2015 to run
robustness checks.
Panel B of Table 1.4 reports these robustness check results. Column 1 reports the 1990-
2000 results, and column 2 reports the 2000-2015 results. During both periods, the long-short
portfolio generates positive and statistically significant returns. The alphas generated from
the Fama-French three and five-factor models are also positive and statistically significant.
Comparing results between the two time periods, portfolio returns from the period 1990
to 2000 are smaller and statistically less significant than that from the period 2000 to 2015.
The long-short portfolio generates 63bps for excess returns from 1990 to 2000 compared with
that of 103bps during 2000 to 2015. For the alpha from the three-factor model, it is 0.64%
for the period 1990 to 2000 compared with 0.92% for the period 2000 to 2015. The alpha
for the 2000-2015 period is statistically significant at the 1 percent level, while the alpha
for the 1990-2000 period is statistically significant at the 5 percent level. Similar results
hold for the Fama-French international five-factor model. One possible explanation for the
better results during the period 2000-2015 is that data quality for international firms in the
Thomson Reuters database has greatly improved in recent years. Moreover, the sample size
is also larger during the more recent period. As a result, the portfolio results, as well as
results from factor regressions, become stronger.
Overall, the results remain robust to different sub-periods.
1.3.3.3 Country choice
Our results could be extended by including many developing countries as well. In Panel
C of Table 1.4, we present results based on data from 54 international markets as well as
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from just G-7 countries. For the results from 54 international markets, the LAIS portfolio
underperforms the MNCs portfolio by 86bps per month (10.3% annually), with a t-statistic of
4.68 and significant at the 1 percent level. The alphas from the Fama-French international
three and five-factor regressions are 0.78% and 0.71% respectively, and both alphas are
statistically significant at the 1 percent level.
If we restrict our sample to firms in G7 countries only, the long-short portfolio produces
0.97bps per month (11.6% annually), with a t-statistic of 4.80 and statistically significant
at the 1 percent level. Again, the alphas generated from Fama-French three and five-factor
models are 0.88% and 0.75% respectively, and both of them are statistically significant at
the 1 percent level.
1.3.3.4 Other robustness checks
For the US equity market, $5 is widely used in the literature as a commonly accepted
threshold to remove all so-called “penny stocks” to analyze the cross-section returns.
Ince and Porter (2006) suggest using $1 filter for international stock return analysis to
reduce the effect of penny stocks if sample size allows. However, $0.10 and $0.25 thresholds
are also acceptable and considered as good as $1 filter. In the appendix, we show that our
results hold no matter what levels of the threshold are used. We choose $0.10 as it allows us
with a large sample size to do economic analysis in later sections.
1.4 Economic Explanations
The portfolio and regression results in previous sections reach the same conclusion: when
global firms’ total international sales drop to zero, this conveys an important signal about
future firm operations, and none of the standard risk factors can explain this result. In this
section, we provide suggestive evidence that this effect is driven by proxies for investors’
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limited attention and limits to arbitrage.
1.4.1 Investors’ limited attention
Previous studies examine how investors’ limited attention and firm complexity affect the
magnitude of the return effect. Those studies include firm size (Hong et al., 2000), insti-
tutional ownership (Cohen and Lou, 2012), analyst coverage (Brennan et al., 1993). The
results suggest that return predictability is more pronounced for firms with smaller sizes,
lower institutional ownerships, and lower analyst coverages.
Therefore, if investors’ limited attention is driving the return predictability of the LAIS
firms, varying the degree of inattention should affect the magnitude and statistical signifi-
cance of the effect.
We use analyst coverage (AC, IBES item EPS1NE) and Total Asset (AT, Worldscope
item 02999) as proxies for investors inattention. Our hypothesis is that firms with limited
investors’ attention with less analyst coverage or lower total assets should perform even worse
among LAIS firms. All these variables have been transformed into log forms and standardized
to zero mean and unit standard deviation for ease of interpretation. All variables are from
the fiscal year-end of year t-1 and are used from July at year t to the end of June at year
t+1. These variables are widely used in the literature as proxies for investors’ inattention
(Cohen and Lou, 2012, Huang, 2015, and Finke and Weigert, 2017).
Due to data limitation on analyst coverage and firm assets, in constructing the LAIS
portfolio in this section, we allow each firm to stay in the LAIS portfolio for up to 2 years
as long as they are still actively traded after they exit from the global market and have
zero foreign sales for 2 years. The LAIS portfolio with firms staying for 2 years in the
portfolio has slightly smaller average returns (0.8 bps per month) and smaller and statistically
significant alphas from the Fama-French three and five-factor regressions (0.71% and 0.61%
respectively).
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Panel A of Table 1.5 reports the results from the Fama-MacBeth regression with the
proxy variables for investors’ limited attention and control variables of firm size, BM, asset
growth, profitability, and momentum. We are interested in the coefficients of the LAIS
dummy variable and the interaction variables between the LAIS dummy and proxy variables
for investors’ inattention. The coefficients of the LAIS dummy variable, after controlling for
the analyst coverage and total assets, are −0.16 with t-statistics at −1.12, and −0.23 with t-
statistics at −1.52. These results suggest that the LAIS effect could be explained by these two
proxies of investors’ inattention. On the other hand, the positive and significant coefficients
of 0.31 (t=2.86) and 0.34 (t=2.28) on interaction terms also confirm our hypothesis that firms
with more analyst coverage and larger total assets, and possibly higher investors’ attention
may not be affected by the LAIS effect.
In summary, investors’ inattention could be a reasonable explanation of the LAIS effect
when we use analyst coverage and total assets as proxies. This result is consistent with
that of Huang (2015) and Finke and Weigert (2017) that investors have limited attention in
digesting complicated information, especially for information from international firms. This
result also provides certain explanation for the value-weighted results in section 1.3: the
LAIS effect is less significant for firms with more investors’ attention, and the reason is that
investors’ attention is usually positively correlated with firm size (Barth et al., 2001). The
value-weighted portfolio is dominated by large firms which typically receive more investors’
attention. Thus the effect is less significant.
1.4.2 Limits to arbitrage
Shleifer and Vishny (1997) argue that arbitrage is not able to bring the firm’s stock price
back to its fundamental value for firms with limits to arbitrage. In this subsection, we
explore this explanation to test whether the LAIS effect is due to firms’ limits to arbitrage.
Our hypothesis is straightforward: if the LAIS effect reflects limits to arbitrage, firms that
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lost all international sales but are subject to a higher level of limits to arbitrage should be
affected more.
We use three variables as proxies for limits to arbitrage. IVOL is the idiosyncratic
volatility (Ang et al., 2006) and calculated as the standard deviation of the residuals from
regressing daily stock returns on market returns over the past 1-year (or 250 trading days)
ending on the end of June of year t. PRC is the share price derived from unadjusted closing
stock price at the end of June of year t. ILLIQ is the Amihud (2002) illiquidity measure and
calculated as dividing the average of absolute daily return by daily dollar trading volume
over the past one-year period ending on June 30 of year t. All these variables have been
transformed into log forms and standardized to zero mean and unit standard deviation for
ease of interpretation. All variables are used as independent variables from the July of year
t to the end of June of year t+1.
Panel B of Table 1.5 reports the Fama-MacBeth regressions results for the limits to
arbitrage hypothesis. The coefficients are −0.33 (t=−2.85) for the interaction of the LAIS
dummy with idiosyncratic volatility, 0.34 (t=1.83) for the interaction of the LAIS dummy
with unadjusted stock closing price, and −0.21 (t=−1.32) for the interaction of the LAIS
dummy with the Amihud (2002) illiquidity measure. These results suggest that the LAIS
effect is stronger among firms with higher idiosyncratic risk and firms with lower stock
prices, and is not statistically correlated with illiquidity risk. In general, these findings
provide weak evidence for the limits to arbitrage hypothesis that for stocks that are more
difficult to arbitrage, the LAIS effect is stronger.
The results in this section, again, provide explanations for the value-weighted results in




To address the concern that the LAIS effect may be related to firms’ past returns (for
example, some may argue that firms with poor past stock performance tend to exit the
international market), we test the causality between LAIS dummy and firms’ past returns.
We choose the annual accumulative return of year t-2 (AR) as a proxy of firms’ past stock
returns. LAIS dummy is used as the dependent variable. Across all four model specifications,
the coefficients of AR are insignificant.3 Hence, past returns may not affect firms’ decisions
of exiting or staying in the international market.
1.5 Real Economic Consequence
1.5.1 Firm global de-diversification - portfolio results
Previous sections suggest that the observation that a global firm’s total international sales
drop to zero conveys an important signal about future firm operations. Investors could make
use of this information and generate positive returns due to limited investor attention and
limits to arbitrage. An equally important question is what the real economic consequence is
for those firms that lost all international sales.
Globally diversification is one of the prevailing strategies for companies’ operation. Firms,
as shown by plenty of previous studies, benefit from global diversification. In terms of
shareholders’ returns, Fatemi (1984) shows abnormal returns after companies’ initial global
diversification. Fillat et al. (2015) suggest that multinational corporations (MNCs) have
higher risk premia if they operate in countries where shocks co-vary more with their domestic
market. Creal et al. (2014) provide evidence that MNCs have a higher value premium,
although Denis et al. (2002) show the opposite.4
3We report this table in the appendix.
4There are two major reasons for the discrepency. First, Creal et al. (2014) use a confidential dataset
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We divide the firms that lost all international sales into two groups of firms. One group
of firms exited international markets completely during our sample period and never came
back to international markets while the other group of firms lost all foreign sales in the
previous year and came back to international markets again in later years during our sample
period. We examine the performance of the first group of firms that carried out global
de-diversification.
Table 1.6 presents the results for those globally de-diversified firms, the firms that per-
manently lost all international sales (PLAIS). Comparing with the average LAIS firms that
have monthly average return at −0.31%, the PLAIS firms have monthly average return at
−0.54%. The alphas from the Fama-French international three and five-factor regressions
are statistically significant at −0.99% and −0.94% respectively for the PLAIS firms, both of
which are larger in absolute values than that for regular LAIS firms. The long-short portfolio
that longs MNCs and short sell PLAIS firms generate 1.08% per month (12.96% annually),
which is also greater.
The above results suggest that for firms that eventually follow global de-diversification,
the return impact is stronger.
1.5.2 Firm global de-diversification - Fama-MacBeth regression
We generate an additional dummy variable for those firms that permanently lost international
sales, the PLAIS firms, and run the Fama-MacBeth regression to examine whether the LAIS
effect is purely due to those globally de-diversified firms.
Table 1.7 shows the result. Looking at column 3, which includes all the control variables
and countries dummies, the coefficient for the PLAIS dummy variable is around −0.23 and
statistically significant at the one percent level while the coefficient for the LAIS dummy
from Bureau of Economic Analysis for country-industry sales information, while Denis et al. (2002) use
Compustat. Second, they adopt different methodologies to estimate the imputed benchmark value.
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variable is around −0.45 and also statistically significant at the one percent level. This
result suggests that the loss in international sales significantly affects both types of firms,
but those firms that permanently left the international markets are affected more by the loss
of international sales. As a result, global de-diversification hurts firm performance.
1.6 Conclusion
In this paper, using firm-level data from 22 international markets from 1990 to 2015, we
show that firms losing all international sales underperform multinational firms and domestic
firms. An equal-weighted long-short portfolio that longs multinational firms and short sells
loss-of-sales firms could consistently generate 10.2% annual return, which may add value to
a well-diversified portfolio. This predictive power cannot be explained by the Fama-French
international three- and five-factor models.
Having established a link between firms losing international sales to their subsequent
low stock returns, we examine possible economic explanations for this effect. Our analyses
suggest that this linkage is particularly strong for firms with low analyst coverage, high
idiosyncratic volatility, low total assets, and low unadjusted prices. Thus the results are
consistent with investors’ inattention and limits to arbitrage if those variables are proxies
for these two explanations.
In the end, we also provide the first result on the effect of firm global de-diversification.
Among those firms that lost all international sales and never came back to international
markets during our sample period, we found that their stock returns are even lower compared
with those firms that would eventually come back to international markets after the loss of












































































































































































































































































































































































































































































































































































































































































































































































































Table 1.2: Main Results: Portfolio Sort
This table reports the monthly average portfolio returns. Panel A reports the equal-weighted results, and
Panel B reports the value-weighted results. Columns 1-4 report the results for LAIS, Domestic firms, MNCs,
and the difference between MNCs and LAIS. Excess returns are portfolio returns minus the risk-free rate.
3-factor and 5-factor Alphas are that from the Fama-French international three-factor (MKT, SMB, HML)
and Fama-French international five-factor (MKT, SMB, HML, RMW, CMA) regressions respectively. T-
statistics are in parentheses. Significance level at the 1%, 5%, 10% levels are indicated by ***, **, and *,
respectively.
Panel A: Equal Weighted
LAIS Domestic Firms MNCs MNCs - LAIS
Excess Return -0.31 0.30 0.54** 0.85***
(-1.11) (1.25) (2.17) (4.66)
3-factor Alpha -0.73*** -0.11 0.04 0.76***
(-3.89) (-1.00) (0.51) (4.37)
5-factor Alpha -0.69*** -0.04 0.00 0.70***
(-3.37) (-0.30) (0.04) (3.68)
Panel B: Value Weighted
LAIS Domestic Firms MNCs MNCs - LAIS
Excess Return 0.23 0.41** 0.59** 0.35
(0.63) (2.07) (2.49) (1.17)
3-factor Alpha -0.21 0.14 0.23*** 0.44
(-0.70) (1.42) (2.80) (1.42)
5-factor Alpha -0.46 0.11 0.20** 0.66**
(-1.41) (1.03) (2.48) (2.00)
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Table 1.3: Main Results: Fama-Macbeth Regression
This table reports the Fama-MacBeth regression results. The dependent variable is the individual firm’s
monthly returns. LAIS dummy is generated based on whether a firm lost all international sales (LAIS
Dummy=1) or MNCs and domestic firms (LAIS Dummy=0). Size, BM, BM Dummy, OP, AG are fiscal
year-end information and used as controls from July of year t to June of year t+1. MOM is the past six
months’ aggregate return. Column 1-3 include country dummies, and Column 4-6 include country dummies
and industry dummies. Industries dummies are based on Fama-French 49 industries classifications. T-
statistics are in parentheses. Significance level at the 1%, 5%, 10% levels are indicated by ***, **, and *,
respectively. The t-statistics are adjusted using the Newey and West (1987) standard error with a one-year
lag.
(1) (2) (3) (4) (5) (6)
Intercept 0.77* 0.51 0.41 0.77* 0.40 0.31
(1.83) (1.24) (1.01) (1.87) (0.99) (0.79)
LAIS Dummy -0.86*** -0.62*** -0.56*** -0.70*** -0.48*** -0.44**
(-4.37) (-3.67) (-3.30) (-3.21) (-2.59) (-2.34)
Size - 0.01 0.01 - 0.01 0.01
- (1.11) (1.05) - (0.95) (0.91)
BM - 0.18*** 0.16*** - 0.23*** 0.21***
- (3.11) (2.70) - (5.02) (4.51)
BM Dummy - 0.32*** 0.28*** - 0.32*** 0.30***
- (4.29) (3.53) - (5.05) (4.32)
OP - 0.47*** 0.43*** - 0.53*** 0.48***
- (5.54) (5.28) - (7.54) (7.17)
AG - -0.37*** -0.35*** - -0.36*** -0.34***
- (-5.17) (-4.82) - (-5.81) (-5.29)
MOM - - 0.61*** - - 0.55***
- - (3.44) - - (3.39)
Country Dummy Y Y Y Y Y Y
Industry Dummy N N N Y Y Y
# of obs 1,519,367 1,440,039 1,429,452 1,519,361 1,440,033 1,429,446
Adj-R square 0.05 0.07 0.07 0.08 0.09 0.10
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Table 1.4: Robustness Check
This table reports portfolio returns and alphas from the Fama-French international three and five-factor
regressions. Portfolios in Panel A are constructed as buying MNC firms and short selling firms that lost
all international sales at year t-1 but reported positive foreign sales at fiscal year-end t-4, t-3, and t-2, or
t-2 respectively. Panel B reports the results for the period 1990-2000 and 2000-2015, respectively. Panel C
reports the results based on the data from 54 international markets and G-7 countries. T-statistics are in
parentheses. Significance level at the 1%, 5%, 10% levels are indicated by ***, **, and *, respectively.
Panel A: Alternative Definitions for LAIS Firms
Foreign Sales > 0 from t-4 to t-2 Foreign Sales > 0 at t-2
and is 0 for t-1 and is 0 for t-1
Excess Return 0.80*** 0.78***
(3.85) (4.43)
3-factor Alpha 0.69*** 0.72***
(3.36) (4.28)




Excess Return 0.63** 1.03***
(2.04) (4.57)
3-factor Alpha 0.64** 0.92***
(2.07) (4.38)
5-factor Alpha 0.62** 0.77***
(2.00) (3.23)
Panel C: International Markets
54 MKTs G-7 countries
Excess Return 0.74*** 0.97***
(4.16) (4.80)
3-factor Alpha 0.66*** 0.88***
(3.78) (4.56)
5-factor Alpha 0.56*** 0.75***
(2.90) (3.55)
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Table 1.5: Economic Explanations
This table reports the Fama-MacBeth regression results for economic explanations. LD stands for the LAIS
dummy. LAIS dummy is one if firms just lost all international sales last year, as defined in the paper.
log(AC) is the log of analyst coverage. log(AT) is the log of total assets at fiscal year-end t. log(IVOL) is the
log of idiosyncratic volatility defined as the standard deviation of the residuals from regressing daily stock
returns on market returns over the past 250 days ending on June 30 of year t +1. log(PRC) is the log of the
unadjusted price at the end of June of year t +1. log(ILLIQ) is the log of Amihud (2002) illiquidity measure.
All proxies are standardized to zero mean and one standard deviation. T-statistics are in parentheses.
Significance level at the 1%, 5%, 10% levels are indicated by ***, **, and *, respectively. The t-statistics are
adjusted using the Newey-West (1987) standard error with a one-year lag. Control variables are size, BM,
BM dummy, MOM, AG, OP, country dummies, and industry dummies.
Panel A: Investor Limited Attention Panel B: Limits to Arbitrage
(1) (2) (3) (4) (5)
LD -0.16 -0.23 -0.30** -0.24* -0.10











Controls Y Y Y Y Y
Country dummy Y Y Y Y Y
Industry dummy Y Y Y Y Y
Number of obs 1,145,255 1,578,521 1,578,527 932,016 805,583
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Table 1.6: Portfolio Results for Global De-diversified Firms
This table reports the portfolio returns, assuming investors know whether the loss of international sales is
temporary or permanent. Firms permanently lost all international sales (PLAIS) is defined as firms report
positive foreign sales at fiscal year-end t-3 and t-2, but zero foreign sales at t-1 and afterward during the
sample period. Excess return is defined as the raw return minus the risk-free rate. T-statistics are in
parentheses. Significance level at the 1%, 5%, 10% levels are indicated by ***, **, and *, respectively.
PLAIS Domestic firms MNCs MNCs - PLAIS
Excess Return -0.54 0.30 0.54** 1.08***
(-1.61) (1.25) (2.17) (4.04)
3-factor Alpha -0.99*** -0.11 0.04 1.03***
(-3.79) (-1.00) (0.51) (4.02)
5-factor Alpha -0.94*** -0.04 0.00 0.94***
(-3.40) (-0.30) (0.04) (3.55)
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Table 1.7: Fama-MacBeth Regression for Global De-diversified Firms
This table reports the Fama-MacBeth regression results. The dependent variable is the firm’s monthly
return. LAIS dummy is based on whether a firm lost all international sales (LAIS Dummy=1) or MNCs
and domestic firms (LAIS Dummy=0). PLAIS dummy is defined as firms report positive foreign sales at
fiscal year-end t-3 and t-2, but zero foreign sales at t-1 and afterward during the sample period. Size, BM,
BM Dummy, OP, and AG are based on fiscal year–end information and used from July of year t+1 to June
of year t+2. MOM is the past six-month aggregate return. Industry dummies are based on Fama-French
49 industry classifications. T-statistics are in parentheses. Significance level at the 1%, 5%, 10% levels are
indicated by ***, **, and *, respectively. The t-statistics are adjusted using the Newey-West (1987) standard
error with a one-year lag.
(1) (2) (3) (4) (5) (6)
Intercept 0.76* 0.51 0.42 0.74* 0.40 0.31
(2.00) (1.32) (1.08) (1.90) (1.00) (0.79)
LAIS Dummy -0.70*** -0.49*** -0.45*** -0.54*** -0.37*** -0.34**
(-3.96) (-3.32) (-2.90) (-2.97) (-2.49) (-2.21)
PLAIS Dummy -0.25*** -0.25*** -0.23*** -0.24*** -0.22*** -0.21**
(-2.96) (-3.38) (-3.25) (-2.91) (-2.99) (-2.99)
Size - 0.01 0.01 - 0.01 0.01
- (1.23) (1.12) - (0.96) (0.88)
BM - 0.19*** 0.16*** - 0.23*** 0.21***
- (3.70) (3.17) - (5.44) (4.85)
BM Dummy - 0.32*** 0.29*** - 0.32*** 0.31***
- (4.59) (3.83) - (5.18) (4.57)
OP - 0.48*** 0.43*** - 0.52*** 0.48***
- (6.03) (5.50) - (7.71) (7.05)
AG - -0.38*** -0.35*** - -0.36*** -0.34***
- (-5.18) (-4.87) - (-6.02) (-5.67)
MOM - - 0.62*** - - 0.56***
- - (3.29) - - (3.36)
Country Dummy Y Y Y Y Y Y
Industry Dummy N N N Y Y Y
# of obs 1,519,367 1,440,039 1,429,452 1,519,361 1,440,033 1,429,446
Adj-R square 0.05 0.07 0.07 0.08 0.09 0.10
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Chapter 2
Moving Average and Anomalies
2.1 Introduction
If one worked in the financial industry as a portfolio manager, he or she would probably be
very cautious when technical analysis results show buy or sell signals for companies covered
in the portfolio. Stop-loss threshold breaching, moving average lines crossing, or head-and-
shoulder forming may all be possible reasons for one to make portfolio rebalancing decisions.
When earnings, sales, or other numbers in a company’s financial report suggest a weaker or
stronger fundamental, one may also need to make underweight or overweight decisions. So,
technical versus fundamental: friends or foes?
The use of technical analysis in the stock market has been widely accepted and acknowl-
edged by the financial markets for years. Evidence show that pure historical stock price
or return information can provide predictive power. For example, Jegadeesh and Titman
(1993) find out the momentum anomaly, where past winners outperform past losers by 1.49%
monthly in the US market. Besides, Lo et al. (2000) provide foundations of pattern recogniz-
ing in technical analysis. They also claim that technical indicators are able to provide some
additional information in predicting stock returns. The moving average (MA) indicator, as
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one of the broad technical indicators, is widely used in the financial industry for predicting
future stock performance. It helps make the price series smoother. Hence it is often used
as a tool for data visualization. Does the MA indicator provide additional information to
predict the stock returns? Recent research provide some justification that using MA can
add value to stock performance prediction. Han et al. (2013) probably is the first one to
treat MA as an anomaly. Also, Gencay (1998) shows strong evidence that using MA helps
improve nonlinear predictability in returns of the stock market.
On the other hand, fundamental analysis has a broader range of acknowledgment in
academia. For example, Fama and French (1993) find out the small-sized stocks, on average,
outperform the big-sized stocks over time. Also, stocks with higher book-to-market ratios
tend to outperform stocks with lower book-to-market ratios. In financial studies, these pat-
terns in stock returns are named as “anomalies”, which means the patterns are contradictory
to the efficient market theory, or cannot be explained by the classic asset pricing models.1
More than hundreds of anomalies have been identified in the stock market so far. Harvey
et al. (2016) is one of a series of papers that aggregate the findings regarding the anomalies.
Also, Marquering et al. (2006) and McLean and Pontiff (2016) find out the performance of
several anomalies become weaker after these anomalies have been published by academic
research.
Investors have been using both types of analysis to yield investment decisions in the
financial market for years. Nevertheless, literature about how to incorporate these two
methods together is not rich. One example is Bettman et al. (2009), who provides empirical
results that integrating technical and fundamental measures can increase explanatory power
in equity valuation models comparing to the isolated measures. A more recent study is
Han et al. (2019), which incorporate the monthly MA check strategies (MMA) with the
annually rebalanced anomaly portfolios and find that the MMA can increase the returns
1For example, the capital asset pricing model (CAPM) or Fama-French three-factor model.
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of anomaly portfolios. However, their approach has a critical drawback that they increase
the rebalancing frequency of portfolios based on annual fundamental characteristics hence
induce extra rebalancing costs.
Our paper finds an alternative method of incorporating technical analysis with funda-
mental analysis which help handle the drawback of Han et al. (2019). By analyzing the
stock performance from 23 developed countries over 29 years (1990-2019) period, we find
strong evidence that the moving average indicator can add value to eight well-documented
annually rebalanced anomaly portfolios. We apply an additional step to original anomaly
portfolios during the portfolio formation period (the end of June every year, and also called
the portfolio rebalancing date): we calculate the 200-days moving average value as a proxy
for long-term price trend and the 50-days moving average value as a proxy for short-term
stock performance for each stock at the end of each June. For a stock in the long lag of
anomaly portfolios, if the 50-days MA value is below the 200-days MA value, we drop the
stock and do not include it in the entire holding period until the next rebalanced date (next
June). We keep the stock in the long lag if the 50-days MA value is above the 200-days
MA value during the portfolio formation period. We do the reverse for stocks in the short
lag. We call this additional step the formation moving average screening strategy (FMA).
After applying the FMA to eight anomalies, we find out the anomaly portfolio return can
be improved by 38 basis points (4.56% per year) on average.
The return improvements credit to FMA cannot be explained by the Fama-French global
five-factor models. The average risk-adjusted return (alpha) after applying the five-factor
model is 21 basis points (2.52% annually). Our findings are more robust in more recent
years (i.e., 2000-2019), and are also more robust in bull stock markets. The FMA can also
be applied to monthly rebalanced anomaly portfolios. It can enhance the average portfolio
return of momentum anomaly by 26 basis points (3.12% annually) per month globally. In
addition, our results remain robust across several model variations and robustness checks.
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We shed additional light on exploring the value of moving average analysis. First of all, we
find that the moving average indicator adds significant value to anomalies in the international
market. Secondly, FMA is more cost-efficient due to lower rebalancing frequency than the
MMA recommended by Han et al. (2019). Besides, FMA can enhance the average monthly
return of the original anomaly portfolios by 15 basis points (1.8% annually) more than the
MMA approach. Compare with MMA, FMA has more significant return improvements with
lower rebalancing frequencies. Hence, we conclude that FMA is a superior strategy over the
MMA.
The rest of this paper is organized as follows. Section 2.2 defines the data and variables
we use. Section 2.3 provides the main empirical results and comparisons between FMA and
MMA. Section 2.4 discusses possible variations and provides results of robustness checks.
Section 2.5 concludes. Additional details and results can be found in the appendix.
2.2 Data and Methodology
2.2.1 Data
In this section, we discuss the dataset being used in our analysis. The return series and mar-
ket capitalization values are from Thomson Reuters Datastream (TDS). All other variables
used to construct anomalies are from Worldscope. We use the Datastream ID to merge the
TDS with Worldscope. All these datasets are downloaded through the Excel add-in provided
by Thomson Reuters Eikon. Our sample covers 23 developed countries, including Australia,
Austria, Belgium, Canada, Denmark, Finland, France, Germany, Greece, Hong Kong, Ire-
land, Italy, Japan, Netherlands, New Zealand, Norway, Portugal, Singapore, Spain, Sweden,
Switzerland, the United Kingdom, and the United States. We include delisted stocks as well
to avoid any survivorship bias. The detailed dataset generation process is discussed in the
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appendix.
Because of the scarcity of data available on Worldscope before the year 1990, we limit our
sample period to years after 1990. The total return index series used to calculate monthly
returns begins from June 30, 1990, and ends on June 30, 2019. However, the firm financial
values are fiscal year-end values from December 31, 1989, to December 31, 2018. We use
these year-end values to generate portfolio sort criteria for portfolio construction on the
following rebalancing date.2
There are a series of papers denote that one may suffer from data errors inherit by the
time series from TDS. Ince and Porter (2006) recommend some data cleaning process to
handle the problems with TDS and make it more comparable with the data from CRSP.
In addition, Griffin et al. (2010) provide additional static screening criteria. Also, McLean
et al. (2009) trim the return series from TDS at 1% and 99% level to improve the quality
of data. We follow these papers to perform static screening and dataset cleaning before we
perform our analysis to improve data quality.
The following are the static screening details. First, we exclude all non-common stocks.
This step includes restricting our securities inclusion where the field “TYPE” equals “EQ”.
Also, we apply generic filter rules and country-specific rules to exclude stocks that have
names containing specific string patterns. For example, we identify a stock as a duplicated
entry if part of its name matches the string pattern “DUPLICATE”. The full string pattern
list could be found in the appendix. Second, we restrict our sample space on stocks which
are major listed ones in their home countries. This step includes choosing the stocks with
field “GEOG” as the same as the field “GEOL”, field “ISINID” equals “P”, field “MAJOR”
equals “Y”, and both field “PCUR” and field “GGISN” are consistent with the values of
respective countries. Finally, we exclude all financial companies where the field “WC06010”
equals 4, 5, or 6.
2Some portfolios use June-end firm financial values. See the appendix for more details.
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Besides, we apply additional data cleaning steps after we finish the static screening pro-
cess. To generate the return series, we merge the total return index (Datastream item RI)
with the non-padding unadjusted price series (Datastream item UP#T, report NA after
delisted) to exclude any padding returns after the stock gets delisted. Also, we set a stock
return to NA if it is more than 990%, the unadjusted stock price in local currency is greater
than 1,000,000, or when the returns at time t or t-1 are greater than 300%, but the aggre-
gated returns for time t and t+1 is less than 50%. Also, we trim all return series within each
country at 1% and 99% level, and we winsorize all anomaly-related variables at 1% and 99%
level within each country.3 In addition, we drop all observations with unadjusted prices less
than 1 in local currency during the portfolio formation period and remove all observations
whose last June-end market capitalization values are missing, equal to 0 or negative.
Panel A of Table 2.1 provides some descriptive statistics for our sample. We have a total
number of firm-month observations of 4,178,263, with the majority of the stocks are traded
in the United States (1,488,462), Japan (998,343), the United Kingdom (394,419), Canada
(226,499), France (203,789), and Germany (179,331). Countries with the lowest number of
observations are Ireland and New Zealand. The United States and Japan together dominate
our sample space of the international equity market (65%) in terms of market capitalization.
2.2.2 Variables
We apply FMA on eight well-documented anomalies. We mainly follow Hanauer and Lauter-
bach (2019) to construct the anomalies from the international stock market. The details of
anomaly constructions are discussed in the appendix.
The first one is the Asset Growth (AG) anomaly. Cooper et al. (2008) find out firms with
lower asset growth rates tend to have higher future stock returns. Fama and French (2015)
include AG as one of the risk factors in their five-factor model. Also, McLean et al. (2009)
3The choices of threshold levels for winsorize and trim are different than those in chapter 3.
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confirm the AG anomaly in the international market. The second one is the book-to-market
ratio (BM) of Fama and French (1996), which is widely used in the benchmark Fama-French
three-factor model. They conclude that the average performance of value stocks with higher
BM values is better than growth stocks with lower BM values. Bali et al. (2013) provide some
international evidence for the BM anomaly. The third anomaly is the gross profitability-to-
asset (GPA) of Novy-Marx (2013), which discovers the significant outperformance of the
stocks for firms with higher gross profitability over the lower ones. The fourth anomaly is
the investment growth (IG) of Xing (2007), who finds out firms with lower investment growth
tend to outperform firms with higher IG regarding the stock returns. The fifth anomaly is
the net operating assets (NOA) from Hirshleifer et al. (2004), who show that firms with
higher values of NOA are expected to earn lower stock returns. The sixth anomaly we use is
the net stock issuance (NSI) of Ritter (1991) and McLean et al. (2009). They find out that
firms with larger sizes of stock issuance tend to have lower future stock returns. The seventh
one is the operating accruals (OA) with Sloan (1996). Firms’ accrual values have a negative
relationship with the expected stock returns. Finally, we have the operating profits-to-book
equity (OPBE) with Fama and French (2015). They find out firms with higher values of
OPBE are expected to earn higher stock returns. 4
At the end of June, every year, we sort all stocks within each country by the value
of anomalies and categorize the stocks into three portfolios. We then construct an equal-
weighted long-short hedged portfolio (also called spread portfolio) for each anomaly every
year and hold it for one year. The positions of stocks included in the portfolio depend on
the winning side of the anomaly. To be more specific, for BM, GPA, and OPBE anomalies,
the spread portfolio is defined by longing the stocks with the highest anomaly values and
shorting the stocks with the lowest anomaly values. For long-short portfolios based on the
values of AG, IG, NOA, NSI, and OA, the long legs of portfolios consist of stocks with the
4The construction of momentum anomaly is discussed in section 2.4.
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lowest anomaly values, while the short legs consist of stocks with the highest anomaly values.
To be consistent with the literature, we use the values of anomalies at the end of the fiscal
year t-1 as criteria for portfolio sorts at the end of June in year t. We do not include any
stocks in our portfolio sorts if the corresponding anomaly values are missing.
Panel B of Table 2.1 provides the annual average numbers of stocks with valid anomaly
values by country. For all anomalies, we have more than 9,000 companies globally to con-
struct our long-short portfolios every year. Panel C of Table 2.1 shows the mean values of
anomalies by country. The mean values vary across countries. For example, the average asset
growth rate in Canada is 92%, while it is only 11% in Austria. This provides some justifi-
cation to conduct our portfolio sorts within each country to control for any country-specific
variations or fixed effects.
For the construction of FMA signals, we use the daily adjusted prices for stocks in local
currency over the sample period. We calculate the 200-days MA values (MA200) as the
average of adjusted prices over the past 200 days (including day t) and 50-days MA values
(MA50) as the average of adjusted prices over the past 50 days (including day t) at the
end of each June for each stock in the hedged portfolio. For the short legs in the spread
portfolios, we drop a stock if its MA50 is higher than MA200 on the portfolio formation date.
We do similar things for the long legs of the spread portfolios, where we exclude any stocks
if their 200-days moving average values are higher than 50-days moving average values on
the portfolio formation date. We keep stocks in the long or short leg if the above criteria are
not satisfied. 5
For comparison purpose, we construct a series of MMA signals follow Han et al. (2019)
as well. For the construction of MMA signals, we do not do the moving average screening
5Different countries may have different stock market schedules. We drop any missing values when calcu-
lating the moving averages if the number of missing values is less than 1/3 of the MA days (i.e., 200 and
50). If more than 1/3 of the values of adjusted prices are observed as NAs for MA200 or MA50 calculations,
we skip the FMA application.
33
on the formation dates. Instead, we check the MA200 and MA50 at the end of each month
during the holding periods. For a stock in the long leg, if MA50 is lower than MA200 in the
monthly checks, we drop the stock and do not put it back until the next portfolio formation
date. Then we invest the proceeds from the stock dropping in the money market and earn a
risk-free return for the rest of the holding period. For any stock in the short legs, we cover
the shorts when MA50 is above MA200 and do not short it again until the next portfolio
formation date.
2.3 Empirical Results
In this section, we show the main empirical results for the original anomalies, anomalies
with FMA, and anomaly strategies with MMA. We first compare the returns earned and
t-statistics across different anomalies and MA strategies and then present the risk-adjusted
returns as the intercepts of the Fama-French global five-factor model.
2.3.1 Portfolio sort results
Table 2.2 presents the portfolio sort results. Panel A shows the performance of eight origi-
nal equal-weighted anomaly portfolios (AG, BM, GPA, IG, NOA, NSI, OA, and OPBE as
defined in section 2.2). The portfolio returns vary from 0.20% to 0.56% per month, with
all t-statistics are bigger than 4 (except for NSI). These results show strong evidence of
the existence of these anomalies in the international stock market. These results are also
consistent with the previous literature, such as Watanabe et al. (2013) and Bali et al. (2013).
Panel B of Table 2.2 shows the performance of anomalies with FMA and the enhance-
ments for returns of the spread portfolio. For anomalies with FMA, the spread portfolio
returns are 0.73% on average per month (annualized 8.76%) with the highest value of 0.91%
(GPA) and the lowest value of 0.55% (OA). These numbers are comparable with the inter-
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national momentum strategy returns of 0.71% per month from Table 2.8. All t-statistics
for the mean returns of spread portfolios with FMA are greater than 4. The one with the
greatest portfolio return improvement with FMA is the AG anomaly with 0.42% per month,
while the one with the lowest portfolio return enhancement is the OPBE anomaly with
0.32% monthly. Averaging across eight anomalies, FMA help improve the anomaly portfolio
returns by 0.38% per month (annualized 4.56%). All t-statistics for the return improvements
are above 4. These results provide evidence that FMA adds significant value to anomalies.
Panel C of Table 2.2 lists the performance of anomalies with MMA and the improvements
in portfolio returns. For anomalies with MMA, the average monthly portfolio return is 0.58%
(6.96% annually), also at the same level of global momentum strategy returns. All t-statistics
are above 4. These results are consistent with the ones of Han et al. (2019). Most of the
return improvements from MMA are still significant but with lower values than the ones
from FMA. On average, anomalies with FMA can earn a monthly profit of 0.15% higher
than anomalies with MMA.
Results based on value-weighted portfolio sorts are presented in the appendix. It is not
surprising that the portfolio sort results based on value-weighting are weaker than the re-
sults based on equal-weighting. On average, FMA improves the anomaly portfolio returns
by 0.22% per month (annualized 2.64%), makes the anomalies with FMA earn an average
portfolio return of 0.46% per month (5.52% per year). Fama and French (2008), Hou et al.
(2015), Han et al. (2019), and others point out that since the value-weighting usually results
in a few large stocks dominating the spread portfolios, the equal-weighting method is pre-
ferred. We follow these papers and mainly focus on the equal-weighted portfolio sort results
in this paper.
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2.3.2 Fama-French regression results
Table 2.3 presents the risk-adjusted portfolio returns and t-statistics from the Fama-French
five-factor model. Panel A of Table 2.3 shows the alphas for the original anomaly portfolios.
On average, the original anomalies earn an alpha of 0.28% per month. All t-statistics are
significant. Panel B of Table 2.3 presents the alphas for anomalies with FMA. The risk-
adjusted portfolio returns are all significant (with t-statistics greater than 3) and have an
average monthly value of 0.47% (annualized 5.64%). The enhancements of risk-adjusted
portfolio returns from FMA have an average monthly value of 0.21% (annualized 2.57%).
This indicates that the risk factors explain part of the return enhancement. However, the
t-statistics for the enhancements remain significant except for the NOA anomaly. Our results
are robust after controlling the common risk factors.
Panel C of Table 2.3 reports the risk-adjusted portfolio returns for anomalies with MMA
and the improvements. The results are mainly consistent with findings in Han et al. (2019).
There is no significant difference in the portfolio return enhancements before (0.23% monthly)
and after (0.22%) controlling the risk factors.
2.3.3 Turnover rates
Table 2.4 reports the portfolio turnover rates in percentage. Panel A and Panel B report the
turnover rates on the portfolio rebalancing dates for original anomalies and anomalies with
FMA, respectively. Panel C reports the annualized turnover rates for anomalies with MMA.
We follow Han et al. (2019) to calculate these rates.6
Anomalies with FMA have higher turnover rates than the original ones. On average,
FMA increases the annual turnover rate of the short legs and long legs by 51% and 34%
correspondingly. These are mainly due to the fact that we have a smaller number of stocks
6See the appendix for more details on how we calculate the turnover rate.
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in both short and long legs after applying FMA. However, the annualized monthly rebal-
anced rates for anomalies with MMA are higher than those with FMA. From a cost-efficient
perspective, we prefer FMA over MMA because FMA has a lower rebalancing frequency and
a lower turnover rate.
2.3.4 Economic value of FMA
Why does MA work in portfolio management? Han et al. (2013) find that the moving
average indicators can be used to generate investment timing portfolios, which significantly
outperform the buy-and-hold strategy. The performance of MA can be partially explained
by the information uncertainty of stocks. Stocks with high information uncertainty have
higher expected returns from the MA timing strategy. Also, according to Han et al. (2019),
a long-short portfolio based on MMA earns an average yield of 0.35% per month in the US
market. They find out that MA can be partially explained by investors’ sentiment. Zhu and
Zhou (2009) provide a theoretical model and show that MA adds value to commonly used
allocation rules. Besides, Asness et al. (2013) provide some statistical evidence that technical
indicators (momentum) are negatively correlated with fundamental indicators (BM) within
and across asset classes. Hence one can benefit from this negative correlation to make
investment decisions.
Both Table 2.2 and Table 2.3 provide some empirical evidence of how FMA works on the
two legs of hedged portfolios. For example, for the short leg of AG anomaly, the original
portfolio return is 0.21% per month. However, with FMA, which wipes out all stocks where
MA200 are above MA50 on the formation dates, the short leg of AG with FMA earns an
average portfolio return of −0.13% per month. The implication here is for all stocks being
wiped out on the short leg during the portfolio formation periods, the expected future stock
returns are positive. Similar things happen to the long legs. The original AG anomaly earns
a monthly portfolio return of 0.5%, and the number increases to 0.58% after applying FMA.
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In section 2.4.1, we present the portfolio results of anomalies with FMA during different
economic or financial market conditions. While the economic cycle is not correlated with
the FMA performance, the variations in stock market conditions can partially explain the
FMA performance.
In general, FMA lowers the expected returns of the short legs by dropping the potential
“winners”, and increases the expected returns of the long legs by dropping the potential
“losers”. Also, since FMA results in a smaller sized pool of stocks (we exclude certain stocks
in the formation period), it might be used as a complementary stock-picking strategy.
2.4 Robustness Checks
In this section, we provide results of several FMA variations and robustness checks. We
discuss the performance of FMA under different economic conditions, different periods, dif-
ferent FMA signal constructions. We also provide results for the application of FMA on the
momentum anomaly.
2.4.1 Economic conditions
The performance of anomalies may be related to economic conditions. For example, Liu
and Zhang (2008) find that profits from the momentum strategy could be explained by
macroeconomic risks, and Grobys (2016) claims that the AG anomaly is related to the
overall economic performance.
We use two methods to classify different economic conditions. Method 1 is to match
our sample period with economic cycles defined in FRED data (from the Federal Reserve
Bank of St. Loius). We use the monthly data downloaded from their website with a file
name as “OECD based Recession Indicators for the United States from the Peak through the
Trough”, and divide our sample periods into non-recession (expansion) months and recession
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months. We then evaluate the performance of anomalies and anomalies with FMA under
two economic conditions. Method 2 is to divide sample periods into months with bull and
bear markets. We follow Lunde and Timmermann (2004) and Kole and Van Dijk (2017)
to identify the bull and bear market. We use the pseudo daily developed market index
constructed from the market return series downloaded from Kenneth French’s website.7 We
then label a month as a bear market month if the number of bear market days within the
month is more than a half. The rest months are labeled as bull market months. We pick the
threshold c of the movements in stock prices that trigger a switch from bull to bear market
as 0.15, and from bear to bull market as 0.2.8
Panel A from Table 2.5 reports the performance of anomalies and anomalies with FMA
during the expansion months and recession months. Some original anomalies work differ-
ently under different economic conditions. For example, the AG anomaly works well during
recessions (with an average monthly portfolio return of 0.46%) but has a significantly lower
average portfolio return during the expansion months (with an average monthly portfolio
return of 0.19%). These results are consistent with the findings in Grobys (2016). However,
return enhancements from FMA have no significant difference under different economic con-
ditions. For example, the return enhancement for BM is 0.41% on average per month during
the recession months, and the result is the same for the expansion months. T-statistics are
all significant, no matter what the economic condition is. FMA works well under different
economic conditions.
Panel B from Table 2.5 reports the portfolio returns of original anomalies and anomalies
with FMA. It tells a different story. Although the FMA works as well as the all-time results
(with an added value of 0.43% per month) during the bull market months, it stops working
7We use the market excess return plus the risk-free rate in the daily five-factor file for the developed
market as the daily market return series. We then calculate the price of pseudo developed market index
based on the following steps: 1. We set the initial index price to 100 as of June 29th, 1990. 2. We update
the daily price index on day t as the index price of day t-1 times (1 + the market return on day t).
8See the appendix for the detailed algorithm we use to identify bear and bull markets.
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during the bear market months. One of the possible explanations is that the number of bear
market months we can identify during our sample period is too small (we have identified
62 bear market months and 350 bull market months) to yields any significant results. In
addition, some original anomalies stop working for the bear market months (NOA, NSI, and
OA). However, results show that the FMA works well for the bull market months, and work
at least as good as the original ones during the bear market months.
2.4.2 Sub-period
Some recent studies raise concerns about the quality and scarcity of data for older years from
TDS and Worldscope. For example, Finke and Weigert (2017) suggest to limit the sample
period after the year 2000 because of the scarcity of segment data on Worldscope before the
year 2000. We divide our sample period into two sub-periods: 1990-2000 and 2000-2019 to
check for robustness.
Table 2.6 reports the portfolio sort results for two sub-periods. Both the original anoma-
lies and the ones with FMA earn greater portfolio returns during the more recent period.
For example, the GPA anomaly earns a monthly portfolio return of 0.45% on average for
the period of 1990-2000. The average portfolio return is increased to 0.62% per month for
the period of 2000-2019. There are two exceptions: the average portfolio return of NOA
anomaly is dramatically down by 0.38% per month, and the average portfolio return of the
OA anomaly is decreased by 0.23% per month for the more recent period.
Nevertheless, our goal for this paper is to discuss the value-added from moving average
signals. From this perspective, the improvements in portfolio returns from FMA during the
1990-2000 period have an average monthly value of 0.20%, and the number is increased to
0.46% for the period of 2000-2019. In general, the return enhancements by applying FMA
are more significant for more recent years.
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2.4.3 Alternative FMA signal constructions
We provide additional robustness checks by constructing FMA signals in alternative ways.
Panel A and B of Table 2.7 provide the portfolio sort results for alternative definitions of
moving average signals based on choosing different moving average days as estimators of long-
term and short-term performance. Panel A of Table 2.7 reports the results of using 100-days
moving average values and 50-days moving average values to yield FMA signals. Panel B of
Table 2.7 reports the results of using 200-days moving average values and 100-days moving
average values to generate FMA signals. All enhancements in mean portfolio returns remain
robust with these two setups, but with smaller average values (0.23% average per month
in Panel A, and 0.26% in Panel B). One could repeat this step (some may use the latest
stock price as the indicator for short-term performance) to determine the best estimators of
long-term and short-term trends. However, it is beyond the scope of this paper.
Also, we provide the portfolio sort results for anomalies with FMA but using US dollar
converted prices to yield FMA signals in Panel C of Table 2.7. It has been argued over
time whether one should convert all financial values for non-US companies to US dollars for
research purposes. Our results show that at the FMA signals generating perspective, signals
generated from the US dollar converted prices (with return enhancements of 0.24% per month
on average) work as qualitatively good as the ones based on local currency (0.38% per month
on average). Average across eight anomalies, the monthly portfolio return is increased to 59
basis points (annualized 7.03%) with FMA implemented. All t-statistics are above 3.
2.4.4 MA strategy for the momentum anomaly
So far, we apply FMA on low rebalancing frequency portfolios (annually). However, if the
portfolios are rebalanced in higher frequencies, does FMA still work? Table 2.8 reports the
portfolio sort results for the well-known momentum anomaly (MOM) in the international
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market. We construct the momentum value for each stock by aggregating the last six months’
stock returns (month t-7 to month t-1, converted to US dollars). We then sort the stocks by
the momentum value and put them into three portfolios at the beginning of every month.
The momentum-based spread portfolios are the ones long the winners (with the highest
momentum values), and short the losers (with the lowest momentum values). The original
momentum anomaly earns an average portfolio yield of 0.71% per month (annualized 8.52%),
which is significantly higher than other annual rebalanced anomalies. However, the average
portfolio return could be further increased by 26 basis points by applying FMA, with a
t-statistic of 5.99.
These results are quite impressive. They not only confirm that FMA works well for a
higher rebalancing frequency anomaly (momentum) but also implies that the FMA signals
have a low correlation with the momentum anomaly. It also suggests that we benefit from
exploiting the use of simple price or return data - the momentum anomaly with FMA earns
a mean portfolio profit of 0.97% per month globally (annualized 11.65%). This enhancement
scales up if we increase the number of portfolios in the sorting process. For example, we show
in non-reported tables that the momentum anomaly with FMA earns an average portfolio
return of 1.40% every month if we create 10 portfolios and used the first and tenth to
construct the spread portfolio.
2.5 Conclusion
In this paper, we use firm financial data across 23 developed markets from 1990 to 2019
to incorporate technical analysis (moving average) with fundamental analysis (anomalies).
A simple moving average based screening during the portfolio formation dates can improve
the anomaly portfolio average returns by 0.38% per month (annualized 4.56%) and reduce
the size of the stock universe for stock picking purpose. Improvements in returns cannot be
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explained by the Fama-French five-factor model. Also, the FMA works well under different
model setups.
We shed light on the ongoing debate of whether technical analysis has any predictive val-
ues in the financial market. Our model suggests that one could use fundamental components
(anomalies) to build the basic structure of stock trading strategies (construction of spread
portfolios). In the meantime, one can apply the technical analysis signals to further improve
the portfolio returns by providing stock selection criteria.
For future research, the exploration of the variations in moving average signal construc-
tions will be an interesting topic. Also, our results suggest that the use of past stock prices
or returns in predicting future stock returns may still have rooms for exploration. FMA pro-
vides an option for the portfolio entry purpose; there might be other ways for the portfolio
exit purpose. Finally, the portfolio returns of anomalies may yield technical analysis signals
also. One may evaluate the values of these signals.
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Table 2.1: Summary Statistics
This table provides summary statistics for all firms included in the sample. Panel A provides # of firm-
month observations and aggregated market capitalizations by market. Panel B reports the annual average
# of firms by anomaly. Panel C shows the mean values of each anomaly. The sample period is from July
1990 to June 2019.
Panel A: Market Statistics
Country # of Firm-Month Obervations Aggregated Market Capitalization Average Market Capitalization
Australia 82,924 387,249 1,585
Austria 19,613 42,993 733
Belgium 28,227 130,481 1,560
Canada 226,499 561,276 833
Denmark 36,004 111,421 1,040
Finland 28,684 130,018 1,536
France 203,789 1,084,787 1,785
Germany 179,331 861,708 1,629
Greece 47,050 39,519 285
Hong Kong 86,682 325,697 1,288
Ireland 6,930 28,738 1,403
Italy 45,591 261,637 1,928
Japan 998,343 3,006,856 1,022
Netherlands 35,009 256,285 2,463
New Zealand 17,900 29,711 562
Norway 37,476 116,530 1,026
Portugal 19,230 39,711 692
Singapore 23,448 113,842 1,650
Spain 32,801 277,157 2,846
Sweden 88,431 223,413 850
Switzerland 51,420 584,373 3,840
United Kingdom 394,419 1,666,248 1,401
United States 1,488,462 10,428,883 2,369
Total 4,178,263 20,708,531 1,673
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Panel B: Annual Average # of Observations
Country AG BM GPA IG NOA NSI OA OPBE
Australia 194 205 201 188 185 211 187 205
Austria 48 49 48 44 45 51 41 50
Belgium 70 71 68 63 67 74 68 71
Canada 426 446 438 406 406 578 394 449
Denmark 93 96 90 87 89 98 89 96
Finland 79 79 76 77 77 73 76 81
France 494 496 478 437 456 518 448 502
Germany 439 439 422 407 402 464 409 445
Greece 109 117 103 49 104 118 101 117
Hong Kong 225 223 230 222 210 202 217 228
Ireland 19 20 20 19 18 18 19 20
Italy 123 126 123 116 118 113 121 128
Japan 2,638 2,702 2,676 2,094 2,572 2,690 2,574 2,720
Netherlands 93 96 94 91 89 94 91 97
New Zealand 40 43 40 40 39 45 37 43
Norway 102 103 97 96 97 92 94 105
Portugal 36 38 36 29 35 51 36 39
Singapore 56 59 59 55 54 61 54 60
Spain 85 86 85 80 81 84 84 88
Sweden 222 227 211 201 204 212 198 231
Switzerland 136 140 137 128 132 139 130 140
United Kingdom 1,009 1,023 1,041 971 932 1,011 974 1,033
United States 3,203 3,174 3,369 3,111 2,981 3,660 3,105 3,217
Total 9,939 10,058 10,143 9,011 9,396 10,659 9,547 10,162
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Panel C: Mean Values of Anomalies
Country AG BM GPA IG NOA NSI OA OPBE
Australia 0.43 0.55 0.28 1.39 0.84 0.08 -0.04 0.30
Austria 0.11 0.98 0.25 0.58 0.58 0.02 -0.05 0.56
Belgium 0.14 0.84 0.19 0.48 0.61 0.03 -0.05 0.47
Canada 0.92 0.84 0.21 1.87 1.00 0.13 -0.05 0.13
Denmark 0.12 1.06 0.30 0.57 0.64 0.04 -0.05 0.42
Finland 0.11 0.87 0.37 0.42 0.62 0.03 -0.05 0.68
France 0.16 0.78 0.18 0.55 0.53 0.03 -0.04 0.67
Germany 0.20 0.75 0.36 0.64 0.54 0.03 -0.06 0.75
Greece 0.19 0.90 0.24 0.93 0.75 0.04 -0.01 0.40
Hong Kong 0.30 0.89 0.25 1.60 0.67 0.06 -0.01 0.19
Ireland 0.19 0.68 0.30 0.52 0.65 0.04 -0.03 0.36
Italy 0.14 0.85 0.33 0.67 0.60 0.03 -0.04 0.33
Japan 0.05 1.14 0.31 0.56 0.53 0.01 -0.03 0.27
Netherlands 0.13 0.70 0.39 0.27 0.59 0.04 -0.05 0.72
New Zealand 0.20 0.64 0.30 0.61 0.84 0.03 -0.04 0.42
Norway 0.27 0.94 0.26 1.10 0.67 0.10 -0.05 0.60
Portugal 0.10 1.28 0.12 0.80 0.71 0.02 -0.05 0.45
Singapore 0.17 0.74 0.17 0.89 0.66 0.03 -0.03 0.24
Spain 0.13 0.92 0.23 0.90 0.67 0.03 -0.04 0.59
Sweden 0.26 0.81 0.24 0.80 0.61 0.10 -0.04 0.36
Switzerland 0.09 1.08 0.32 0.23 0.60 0.04 -0.04 0.36
United Kingdom 0.28 0.81 0.38 0.81 0.65 0.09 -0.05 0.34
United States 0.45 0.69 0.40 0.69 0.67 0.08 -0.06 0.11


















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 2.4: Turnover Rate
This table reports the portfolio turnover rates in percentage. Panel A and Panel B report the turnover rates
on the portfolio rebalancing dates for original anomalies and anomalies with FMA, respectively. Panel C
reports the annualized turnover rates for anomalies with MMA.
Panel A: Original Panel B: With FMA Panel C: With MMA
Short Long Short Long Short Long
AG 76% 82% 122% 111% 157% 147%
BM 31% 34% 98% 79% 162% 140%
GPA 24% 21% 86% 66% 147% 152%
IG 103% 106% 132% 123% 161% 150%
NOA 41% 31% 101% 74% 158% 152%
NSI 70% 32% 118% 64% 161% 117%
OA 84% 82% 124% 107% 154% 149%
OPBE 34% 31% 88% 69% 144% 148%
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Table 2.5: Economic Conditions
This table reports portfolio returns of anomalies and anomalies with FMA under different economic condi-
tions. Panel A shows the portfolio returns when the United States is in recessions or expansions. Panel B
shows the portfolio returns for bull or bear market months. T-statistics are in parentheses. Significance level
at the 1%, 5%, 10% levels are indicated by ***, **, and *, respectively.
Panel A: Economic Expansion or Recession
Original With FMA
Short Long Long-Short Short Long Long-Short Improvement
AG Expansion 0.74*** 0.93*** 0.19*** 0.39 0.99*** 0.60*** 0.41***
(2.76) (3.46) (2.80) (1.41) (3.86) (4.96) (3.85)
Recession -0.61 -0.15 0.46*** -0.93* -0.03 0.90*** 0.44***
(-1.29) (-0.38) (3.70) (-1.91) (-0.08) (4.29) (3.22)
BM Expansion 0.72*** 1.11*** 0.39*** 0.36 1.16*** 0.80*** 0.41***
(2.68) (4.35) (3.90) (1.27) (4.73) (5.53) (4.22)
Recession -0.62 -0.05 0.57*** -0.92* 0.06 0.98*** 0.41***
(-1.36) (-0.12) (3.12) (-1.94) (0.17) (4.02) (3.18)
GPA Expansion 0.65** 1.09*** 0.44*** 0.41 1.19*** 0.78*** 0.34***
(2.37) (4.37) (6.31) (1.46) (4.91) (6.45) (3.58)
Recession -0.76* -0.02 0.74*** -0.99* 0.10 1.09*** 0.36***
(-1.76) (-0.05) (7.94) (-2.26) (0.27) (6.07) (2.79)
IG Expansion 0.90*** 1.05*** 0.15*** 0.62** 1.16*** 0.53*** 0.38***
(3.48) (4.09) (3.39) (2.37) (4.70) (5.79) (4.49)
Recession -0.41 -0.07 0.34*** -0.72 0.09 0.81*** 0.47***
(-0.89) (-0.17) (3.41) (-1.48) (0.23) (3.98) (3.48)
NOA Expansion 0.75*** 1.04*** 0.30*** 0.47* 1.11*** 0.63*** 0.34***
(2.96) (3.77) (3.60) (1.87) (4.28) (5.54) (3.30)
Recession -0.40 -0.19 0.21** -0.64 -0.04 0.59*** 0.39**
(-0.95) (-0.44) (2.27) (-1.48) (-0.11) (3.82) (2.45)
NSI Expansion 0.67** 0.81*** 0.14 0.34 0.88*** 0.54*** 0.41***
(2.24) (3.63) (0.89) (1.08) (4.14) (2.91) (4.30)
Recession -0.69 -0.04 0.65*** -1.01** 0.02 1.04*** 0.39***
(-1.38) (-0.11) (2.72) (-1.98) (0.08) (3.30) (3.38)
OA Expansion 0.76*** 1.01*** 0.25*** 0.52* 1.10*** 0.58*** 0.34***
(2.89) (3.83) (6.24) (1.94) (4.37) (5.44) (3.29)
Recession -0.38 -0.26 0.12*** -0.61 -0.11 0.49*** 0.37***
(-0.89) (-0.62) (2.62) (-1.41) (-0.29) (3.51) (2.82)
OPBE Expansion 0.75** 1.03*** 0.28*** 0.53* 1.15*** 0.62*** 0.34***
(2.57) (4.29) (2.72) (1.81) (4.89) (4.09) (3.68)
Recession -0.76* -0.05 0.70*** -0.97** 0.03 1.00*** 0.29**
(-1.71) (-0.14) (4.57) (-2.13) (0.08) (4.34) (2.55)
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Panel B: Bull or Bear Market
Original With FMA
Short Long Long-Short Short Long Long-Short Improvement
AG Bull Market 0.44* 0.68*** 0.24*** 0.06 0.78*** 0.73*** 0.48***
(1.88) (3.05) (3.95) (0.23) (3.67) (6.70) (5.49)
Bear Market -0.89 -0.36 0.53** -1.00 -0.34 0.66* 0.13
(-0.99) (-0.46) (2.44) (-1.07) (-0.50) (1.78) (0.55)
BM Bull Market 0.41* 0.82*** 0.41*** 0.03 0.91*** 0.87*** 0.46***
1.74 3.71 4.61 0.13 4.28 7.07 5.60
Bear Market -0.92 -0.22 0.70* -1.09 -0.20 0.89* 0.19
(-1.08) (-0.32) (2.06) (-1.23) (-0.34) (1.90) (0.88)
GPA Bull Market 0.30 0.81*** 0.51*** 0.03 0.92*** 0.89*** 0.38***
(1.26) (3.72) (8.42) (0.12) (4.40) (8.15) (4.70)
Bear Market -0.97 -0.17 0.79*** -1.07 -0.07 1.01*** 0.21
(-1.23) (-0.24) (5.45) (-1.32) (-0.10) (3.52) (0.97)
IG Bull Market 0.60*** 0.81*** 0.20*** 0.27 0.95*** 0.69*** 0.48***
(2.66) (3.68) (4.51) (1.16) (4.53) (7.69) (6.69)
Bear Market -0.66 -0.32 0.34* -0.73 -0.29 0.44 0.10
(-0.74) (-0.41) (1.93) (-0.78) (-0.41) (1.18) (0.40)
NOA Bull Market 0.49** 0.75*** 0.26*** 0.19 0.86*** 0.67*** 0.41***
2.22 3.21 3.90 0.87 3.96 6.73 4.66
Bear Market -0.62 -0.35 0.27* -0.70 -0.34 0.36 0.09
(-0.78) (-0.41) (1.69) (-0.87) (-0.46) (1.52) (0.33)
NSI Bull Market 0.33 0.63*** 0.29** -0.04 0.70*** 0.75*** 0.45***
(1.32) (3.28) (2.32) (-0.16) (3.88) (4.71) (5.87)
Bear Market -0.81 -0.25 0.56 -0.93 -0.24 0.70 0.14
(-0.83) (-0.42) (1.18) (-0.91) (-0.45) (1.14) (0.69)
OA Bull Market 0.50** 0.72*** 0.22*** 0.22 0.86*** 0.63*** 0.41***
(2.22) (3.21) (6.64) (0.99) (3.96) (7.07) (4.83)
Bear Market -0.58 -0.49 0.10 -0.63 -0.48 0.15 0.05
(-0.72) (-0.61) (1.26) (-0.76) (-0.66) (0.62) (0.24)
OPBE Bull Market 0.39 0.76*** 0.38*** 0.15 0.90*** 0.75*** 0.37***
(1.56) (3.59) (4.36) (0.59) (4.33) (5.82) (4.80)
Bear Market -1.04 -0.24 0.80*** -1.15 -0.26 0.89** 0.09
(-1.24) (-0.34) (2.79) (-1.34) (-0.40) (2.11) (0.50)
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Table 2.6: Sub-periods
This table reports portfolio returns of sub-periods 1990-2000 and 2000-2019. T-statistics are in parentheses.
Significance level at the 1%, 5%, 10% levels are indicated by ***, **, and *, respectively.
Original With FMA
Short Long Long-Short Short Long Long-Short Improvement
AG 1990-2000 0.34 0.61* 0.27*** 0.09 0.58* 0.49** 0.22
(0.91) (1.72) (2.94) (0.22) (1.72) (2.44) (1.22)
2000-2019 0.15 0.45 0.30*** -0.23 0.59** 0.82*** 0.52***
(0.45) (1.53) (3.67) (-0.71) (2.17) (6.28) (5.84)
BM 1990-2000 0.29 0.45 0.15 0.04 0.42 0.38* 0.23
(0.75) (1.28) (1.06) (0.09) (1.26) (1.74) (1.43)
2000-2019 0.10 0.73** 0.63*** -0.29 0.85*** 1.14*** 0.51***
(0.31) (2.58) (5.10) (-0.87) (3.23) (6.99) (6.00)
GPA 1990-2000 0.13 0.58 0.45*** 0.00 0.63* 0.63*** 0.17
(0.34) (1.59) (5.48) (0.00) (1.79) (3.40) (1.12)
2000-2019 0.03 0.65** 0.62*** -0.27 0.79*** 1.06*** 0.44***
(0.10) (2.33) (8.35) (-0.84) (3.00) (8.60) (5.19)
IG 1990-2000 0.58* 0.84** 0.26*** 0.33 0.90*** 0.57*** 0.30**
(1.66) (2.54) (4.15) (0.92) (2.84) (4.03) (2.33)
2000-2019 0.29 0.50* 0.21*** -0.02 0.66** 0.68*** 0.47***
(0.90) (1.68) (3.27) (-0.07) (2.35) (5.30) (5.23)
NOA 1990-2000 0.23 0.75** 0.52*** 0.06 0.72** 0.66*** 0.14
(0.67) (1.98) (3.94) (0.16) (2.03) (3.38) (0.82)
2000-2019 0.33 0.46 0.14** 0.02 0.62** 0.60*** 0.46***
(1.10) (1.49) (2.15) (0.08) (2.19) (5.97) (4.61)
NSI 1990-2000 0.32 0.25 0.07 0.08 0.27 0.18 0.25
(0.82) (0.82) (0.30) (0.21) (0.93) (0.66) (1.57)
2000-2019 0.05 0.58** 0.53*** -0.33 0.67*** 1.00*** 0.47***
(0.13) (2.45) (3.21) (-0.92) (3.02) (4.84) (6.17)
OA 1990-2000 0.35 0.69** 0.34*** 0.24 0.70** 0.46** 0.12
(0.96) (1.97) (6.41) (0.64) (2.11) (2.54) (0.68)
2000-2019 0.29 0.42 0.13*** -0.01 0.58** 0.59*** 0.46***
(0.97) (1.40) (3.58) (-0.02) (2.05) (6.40) (5.46)
OPBE 1990-2000 0.37 0.36 0.02 0.27 0.43 0.16 0.18
(0.91) (1.07) (0.11) (0.65) (1.34) (0.69) (1.18)
2000-2019 -0.01 0.70** 0.70*** -0.28 0.82*** 1.10*** 0.40***
(-0.02) (2.50) (6.77) (-0.87) (3.01) (7.19) (5.16)
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Table 2.7: Alternative Moving Average Signals
This table reports portfolio returns for anomalies with different FMA variations. Panel A reports the results
when we use 100-days moving average values and 50-days moving average values to yield FMA signals. Panel
B reports the results when we use 200-days moving average values and 100-days moving average values to
yield FMA signals. Panel C shows the results when we use US dollar converted prices to generate FMA
signals. T-statistics are in parentheses. Significance level at the 1%, 5%, 10% levels are indicated by ***,
**, and *, respectively.
Panel A: MA100 and MA50
Original With FMA
Short Long Long-Short Short Long Long-Short Improvement
AG 0.21 0.50** 0.29*** 0.00 0.54** 0.54*** 0.25***
(0.83) (2.19) (4.62) (0.01) (2.56) (4.59) (2.79)
BM 0.16 0.63*** 0.47*** -0.05 0.66*** 0.71*** 0.25***
(0.66) (2.87) (4.86) (-0.19) (3.17) (5.24) (3.38)
GPA 0.06 0.63*** 0.56*** -0.08 0.70*** 0.78*** 0.22**
(0.27) (2.83) (9.98) (-0.34) (3.32) (7.05) (2.45)
IG 0.38 0.61*** 0.23*** 0.20 0.72*** 0.51*** 0.29***
(1.57) (2.67) (4.73) (0.82) (3.41) (4.80) (3.36)
NOA 0.29 0.55** 0.26*** 0.13 0.60*** 0.47*** 0.20**
(1.29) (2.29) (4.25) (0.58) (2.72) (5.14) (2.11)
NSI 0.13 0.47** 0.34** -0.08 0.51*** 0.60*** 0.26***
(0.50) (2.52) (2.56) (-0.30) (2.86) (3.38) (3.41)
OA 0.31 0.51** 0.20*** 0.18 0.60*** 0.42*** 0.22**
(1.32) (2.18) (6.52) (0.77) (2.73) (4.47) (2.48)
OPBE 0.12 0.58*** 0.46*** 0.01 0.66*** 0.65*** 0.19**
(0.49) (2.69) (5.17) (0.05) (3.16) (4.68) (2.56)
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Panel B: MA200 and MA100
Original With FMA
Short Long Long-Short Short Long Long-Short Improvement
AG 0.21 0.50** 0.29*** -0.05 0.53** 0.58*** 0.28***
(0.83) (2.19) (4.62) (-0.18) (2.44) (5.55) (3.37)
BM 0.16 0.63*** 0.47*** -0.10 0.66*** 0.76*** 0.29***
(0.66) (2.87) (4.86) (-0.39) (3.19) (6.47) (3.66)
GPA 0.06 0.63*** 0.56*** -0.14 0.67*** 0.81*** 0.25***
(0.27) (2.83) (9.98) (-0.59) (3.10) (8.21) (3.18)
IG 0.38 0.61*** 0.23*** 0.15 0.67*** 0.52*** 0.29***
(1.57) (2.67) (4.73) (0.64) (3.03) (5.81) (4.09)
NOA 0.29 0.55** 0.26*** 0.10 0.61*** 0.51*** 0.24***
(1.29) (2.29) (4.25) (0.46) (2.63) (4.93) (2.81)
NSI 0.13 0.47** 0.34** -0.12 0.50*** 0.62*** 0.28***
(0.50) (2.52) (2.56) (-0.44) (2.80) (3.92) (3.60)
OA 0.31 0.51** 0.20*** 0.14 0.55** 0.41*** 0.21**
(1.32) (2.18) (6.52) (0.60) (2.42) (4.69) (2.49)
OPBE 0.12 0.58*** 0.46*** -0.05 0.61*** 0.66*** 0.20***
(0.49) (2.69) (5.17) (-0.19) (2.90) (5.65) (2.70)
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Panel C: US dollar converted FMA signals
Original With FMA
Short Long Long-Short Short Long Long-Short Improvement
AG 0.21 0.50** 0.29*** 0.01 0.54** 0.56*** 0.26***
(0.83) (2.19) (4.62) (0.05) (2.56) (5.28) (3.24)
BM 0.16 0.63*** 0.47*** 0.09 0.65*** 0.74*** 0.28***
(0.66) (2.87) (4.86) (0.34) (3.17) (5.82) (3.54)
GPA 0.06 0.63*** 0.56*** 0.09 0.68*** 0.77*** 0.21***
(0.27) (2.83) (9.98) (0.36) (3.22) (7.77) (2.77)
IG 0.38 0.61*** 0.23*** 0.19 0.70*** 0.50*** 0.28***
(1.57) (2.67) (4.73) (0.78) (3.23) (5.48) (3.87)
NOA 0.29 0.55** 0.26*** 0.13 0.60*** 0.46*** 0.20**
(1.29) (2.29) (4.25) (0.58) (2.65) (5.09) (2.42)
NSI 0.13 0.47** 0.34** 0.10 0.50*** 0.61*** 0.27***
(0.50) (2.52) (2.56) (0.38) (2.83) (3.68) (3.69)
OA 0.31 0.51** 0.20*** 0.17 0.58*** 0.41*** 0.21***
(1.32) (2.18) (6.52) (0.72) (2.62) (4.90) (2.67)
OPBE 0.12 0.58*** 0.46*** 0.00 0.64*** 0.63*** 0.18**
(0.49) (2.69) (5.17) (0.01) (3.04) (5.07) (2.50)
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Table 2.8: Alternative Moving Average Strategies
This table reports the portfolio sort results of the momentum anomaly with FMA. Panel A shows the mean
portfolio returns of original anomalies for the short leg, the long leg, and the spread portfolio. Panel B
reports the mean portfolio returns of anomalies with the FMA and the return improvements from FMA.
T-statistics are in parentheses. Significance level at the 1%, 5%, 10% levels are indicated by ***, **, and *,
respectively.
Panel A: Original Panel B: With FMA
Short Long Long-Short Short Long Long-Short Improvement
MOM -0.10 0.61*** 0.71*** -0.15 0.82*** 0.97*** 0.26***
(-0.37) (2.86) (5.00) (-0.52) (3.51) (5.84) (5.99)
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Chapter 3
Can Volatility Management Enhance
Anomaly Performance?
3.1 Introduction
Two critical stages of portfolio management are stock selection and risk management. Port-
folio managers are expected to answer the following two questions: Which stocks should be
included in the portfolio? When should one overweight and underweight the stocks in the
portfolio?
The existence of anomalies in the stock market can provide a good answer to the first
question of “Which stocks should be included in the portfolio”. Anomalies are used to de-
velop portfolio managing strategies. Based on companies’ characteristics from the financial
statement or stocks’ historical performance, return patterns from anomalies cannot be ex-
plained by classical factor models. The use and development of anomaly strategies are widely
acknowledged in both academia and the financial service industry since it naturally provides
insights for stock selection. As an example, Harvey et al. (2016) provide an aggregated view
of more than 300 anomalies in the stock market.
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On the other hand, the question of “When should one overweight and underweight the
stocks in the portfolio” is more related to risk management. The volatility-managed portfolio
approach (VMPA), as one of the risk management methods, provides not only the signals
for timing the underweighting and overweighting but also higher risk-adjusted expected
portfolio returns. For example, Barroso and Santa-Clara (2015) show that volatility-managed
momentum strategies are superior to the original momentum anomaly in terms of risk-
adjusted returns (Sharpe ratio). The main reason for this is that VMPA eliminates the risk
of momentum crash by providing signals of underweighting during high volatility periods.
Also, Han et al. (2019) find that volatility-managed anomalies have better risk-adjusted
portfolio expected returns than the original anomalies. In addition, Fleming et al. (2001) find
that even with the same target expected return and volatility, volatility timing or managed
portfolios outperform the unconditionally efficient static portfolios.
In this paper, we study the performance of anomaly strategies before and after we apply
the VMPA to nine common anomaly strategies. We analyze the firm data from 23 developed
countries for 29 years (1990-2019) and find evidence of performance improving after applying
VMPA. We use the VMPA to scale the monthly portfolio returns based on the ratio of
target volatility to forecasted volatility. We set the target volatility to 8% annualized and
set the forecasted volatility as the past six-months realized volatility. Averaging across nine
anomalies, VMPA enhances the Sharpe ratio by 0.24 annually, and increases the portfolio
returns by 0.59% per month (annualized 7.08%).
Enhancements in portfolio returns from applying VMPA cannot be explained by the
Fama-French global five-factor model. They remain robust for an average value of 0.63% per
month, with an average t-statistic of 5.72, after controlling for the five common risk factors
of Fama and French (2015). Also, we perform robustness checks and test different variations
of VMPA. Our results remain robust under different economic conditions, periods, volatility
targets, and realized volatility calculation methods.
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Our paper sheds light on connecting volatility management to hedged portfolios. First,
we expand the results of Han et al. (2019) that anomalies with VMPA earn higher expected
portfolio returns to the global market. We show that the VMPA can be used as a way
to augment the alphas or Sharpe ratios of hedged portfolios, which would be a practical
solution to Chen and Velikov (2019), who state that one is expected to earn only small
profits from investing in anomalies. Second, Han et al. (2019) focus on timing the new
information in portfolio management and only have a short discussion of the use of VMPA.
Our paper provides a more comprehensive picture that discusses the economic gains from
VMPA. Finally, we provide robustness checks as evidence that VMPA adds value in portfolio
management.
The remaining of this paper is presented as follows. Section 3.2 discusses the sample
data and variables. Section 3.3 presents the main results. Section 3.4 conducts robustness
checks. Section 3.5 concludes. Additional information can be found in the appendix.
3.2 Data and Methodology
3.2.1 Data
All of our sample datasets are obtained via the Microsoft Excel add-on from Thomson Reuters
Eikon. To be more specific, the return and price series are from Thomson Reuters Datastream
(TDS), and firm characteristic variables are from Worldscope. The two databases can be
merged using the key of Datastream ID, which is a six-digits identifier for firms and their
stocks consolidated by Thomson Reuters. We include following 23 countries in our analysis:
Australia, Austria, Belgium, Canada, Denmark, Finland, France, Germany, Greece, Hong
Kong, Ireland, Italy, Japan, Netherlands, New Zealand, Norway, Portugal, Singapore, Spain,
Sweden, Switzerland, the United Kingdom, and the United States. We include both active
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traded and dead stocks to get rid of any survivorship bias. Also, due to the fact that
Worldscope contains limited data for years before 1990, our sample begins in the year 1990
and ends in the year 2019. The detailed steps for the reproducible research purpose could
be found in the appendix.
Previous studies have discussed the data cleaning and pre-processing necessity for vari-
ables from TDS. One reason is that errors occur in the return series discussed in Ince and
Porter (2006). Besides, Griffin et al. (2010) expand the list for cleaning procedures when
using TDS as a data source. Some other papers discuss the recommended pre-processing
procedures for data from TDS, such as Hanauer and Lauterbach (2019). We follow these
papers to reduce the risk of data errors and enhance data quality.
We propose two rounds for data cleaning. The first round happens during the constituent
list formation. In this step, we first download statistic or description variables for each
company in our constituent list. We then drop companies from our constituent list if one or
more of the following criteria is satisfied: 1. Field “Type” is not equal to “EQ”; 2. Stock
names have patterns suggest they are not common equities;1 3. Field “GEOG” and filed
“GEOL” have different values; 4. Field “ISINID” is not equal to “P”; 5. Field “MAJOR”
is not equal to “Y”; 6. Fields “PCUR” and “GGISN” are not consistent with their country
specifications; 7. The firm is in the financial industry.
We then use the updated constituent list for data downloading purposes. We perform
the second round cleaning after the time series are downloaded. We do the following steps
before conducting our research: 1. Remove any padding values for the RI (total return index)
after the stocks being delisted. 2. Remove any suspicious stock returns, including drop any
returns more than 990% and when returns at time t or t-1 are greater than 300%, but the
aggregated returns from time t-1 to t+1 get reversed. 3. Remove any stocks which have
unadjusted prices in local currency greater than 1,000,000, or less than 1. 4. Winsorize all
1The detailed stock name screening procedure is discussed in the appendix.
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anomalies at 0.5% and 99.5% level, and trim return series at 0.5% and 99.5% level.2 5. Keep
stocks in our portfolio only if the June-end market equity values are available and positive.
Panel A of Table 3.1 provides summarized information about our sample space. In gen-
eral, we include 4,234,271 firm-month observations in our analysis. The United States, Japan,
and the United Kingdom are the top 3 countries in terms of the number of observations.
They consist of 69% of our sample universe. Also, it is not surprising that the United States
along consists of more than 50% of the sample space regarding the market capitalization.
3.2.2 Variables
In this paper, we first construct our hedged portfolios based on anomaly values. To be con-
sistent with the literature, we include the following nine common anomalies in our analysis.
The first anomaly is the asset growth anomaly of Cooper et al. (2008). They show that
companies with lower asset growth are expected to have higher future stock returns. The
second anomaly is the well-known book-to-market ratio (BM) of Fama and French (1996),
who find out the firm’s valuation is positively correlated with the expected stock return. The
third one is the gross profit-to-asset (GPA) anomaly with Novy-Marx (2013). He finds out
that firms with higher profitability are expected to earn higher stock returns. The fourth
anomaly is the investment growth anomaly (IG) of Xing (2007), who show that stocks for
firms with lower investment growth rates outperform stocks for firms with higher investment
growth rates. The fifth anomaly is the net operating assets (NOA) with Hirshleifer et al.
(2004). They find out that firms with higher net operating asset values are expected to
have higher stock returns. The sixth one is the net stock issuance anomaly (NSI) of Ritter
(1991) and McLean et al. (2009), who show that firms with larger amounts of share issuance
after the initial offerings are expected to have lower stock returns. The seventh anomaly we
include is the operating accruals (OA) with Sloan (1996). He shows that accrual values are
2The choices of threshold levels for winsorize and trim are different than those in chapter 2.
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negatively related to stock expected returns. The eighth anomaly is the operating profits-to-
book equity anomaly (OPBE) with Fama and French (2015), who show that firms with higher
OPBE value have higher expected stock returns. Finally, we have the momentum anomaly
(MOM) with Jegadeesh and Titman (1993). They find out past winners outperform past
losers. Besides MOM, all other anomalies are updated annually, so the associate portfolios
are rebalanced annually. Portfolios constructed based on MOM are rebalanced monthly.
Following the literature, we form annually rebalanced portfolios at the end of each June
and monthly rebalanced portfolios at the end of each month. We sort stocks within each
country based on the values of each anomaly and then put them into ten decile portfolios
from one with the highest values to one with the lowest values. We then pick the top
and bottom decile portfolios to construct equal-weighting long-short portfolios as hedged
portfolios (or spread portfolios). The choices of long and short legs depend on outperformance
expectations. For example, for anomalies BM, GPA, OPBE, and MOM, firms with higher
values are expected to earn higher stock returns, so we choose the top decile portfolios as
long legs and bottom decile portfolios as short legs. For anomalies AG, IG, NOA, NSI, and
OA, we pick the long legs as the bottom decile portfolios and short legs as the top decile
ones. Once the hedged portfolio has been constructed, we hold the same set of stocks until
the next rebalancing date. For annually rebalanced portfolios, the next rebalancing date is
the end of June next year. For monthly rebalanced portfolios, it is the end of next month.
Panel B of Table 3.1 provides the annual average numbers of stocks by anomaly. The
average numbers of stocks in our formation period for all anomalies are above 9,000. This is
considered as a quite large sample size. Also, it is not surprising that different countries may
have different mean anomaly values. For example, the mean value of IG could be as high as
1.88 in Canada, but as low as 0.23 in Switzerland. We sort portfolios based on the values
within each country due to the variations in anomaly value distributions across countries.
This type of sorting can also remove the country-specific effects on stock returns.
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Following Han et al. (2019), we construct our VMPA signals at a monthly frequency to
make the results from annually rebalanced portfolios comparable to the results of monthly
rebalanced MOM portfolios. We follow their approach to increase and decrease the stock
positions in hedged portfolios based on the VMPA signals. With this approach, we essen-
tially convert annually rebalanced portfolios into monthly rebalanced ones. For portfolios
constructed based on MOM, we follow Barroso and Santa-Clara (2015) to apply the VMPA.
We calculate the past six-months daily portfolio returns for each anomaly at the end of







where a denotes anomalies, m denotes the month we forecast the realized monthly variance,
d represents the month-end days of month m, and r is the daily returns. We then realize
our underweighting and overweighting decisions by scaling the monthly returns of hedged






Both Barroso and Santa-Clara (2015) and Han et al. (2019) choose 12% as the annual tar-
get level of volatility. It is reasonable for the momentum anomaly since the daily momentum
returns in the US have a standard deviation of 27.53 annualized, according to Barroso and
Santa-Clara (2015). However, it might be too high for other anomalies. Our nine anomalies
yield an average annual standard deviation of 7.86% regarding the portfolios’ daily returns.
A 12% target volatility level is too high for our analysis. Hence, we choose a target level of
annual volatility of 8%. We provide results based on alternative target levels in section 3.4.
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3.3 Empirical Results
We present our main empirical results in this section. We discuss the change in portfolio
return distributions after VMPA applied to the original anomalies, and then present the
portfolio sort results.
3.3.1 Economic gains
Table 3.2 shows the economic gains from VMPA. Both mean value and standard deviation
of the hedged portfolio returns are increased after applying the VMPA. The results are
consistent with Han et al. (2019). Two reasons for the results are: First, volatilities for self-
funded long-short portfolios are smaller than our target level volatility for most of the cases,
and second, biases occur when using past six-months realized volatility as an estimation
of current-month volatility. However, the anomalies with VMPA earn portfolio returns of
7.08% every year more than the original anomalies. The annual average standard deviation
is increased by 5.52% after applying VMPA. Also, we report the Sharpe (1966) ratio as a
common measurement for fund managers to evaluate the risk-adjusted portfolio performance.
The average annual Sharpe ratio of anomalies with VMPA is 53% higher than the Sharpe
ratio of the original anomalies (from 0.69 to 0.93), which conveys a strong signal that VMPA
adds value in portfolio management. In addition, the average annual information ratio
tracking the difference in returns before and after the implementation of VMPA is 1.00,
which provides additional evidence that anomalies with VMPA are superior over the original
anomalies in terms of risk-adjusted portfolio performance.
According to Barroso and Santa-Clara (2015), VMPA alters the distribution of hedged
portfolio returns. For the momentum anomaly, VMPA decreases the value of kurtosis from
12.72 to 4.47 and turns the skewness less negative from −1.71 to −0.93. These results are
consistent with Barroso and Santa-Clara (2015). Also, VMPA reduces the average kurtosis
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of nine anomalies by 2.85. These results provide additional evidence for the value-added
from VMPA that it could be used for risk management, especially for managing the tail
distribution of returns. For skewness, the results show that for some anomalies such as AG,
BM, IG, and OA, the values are positive. Hence, the right tails are longer for portfolio returns
of these anomalies. We may able to take advantage of this feature (for example, incorporate
a regime-switching model to accommodate regimes with high positive skewness), but it is
beyond the scope of this paper.
3.3.2 Portfolio sort results
Table 3.3 presents the portfolio sort results for hedged portfolios of original anomalies,
anomalies with VMPA, and differences in spread portfolios. For the original anomalies,
the mean returns of the spread portfolios vary from the highest of 0.93% per month (MOM),
to the lowest of 0.27% (OA). The average return in the spread portfolios is 67 basis points
per month (8.04% annualized). The t-statistics of the original anomalies are all above 3
(with an average value of 5.67). These show strong evidence of the existence of anomalies in
the international market.
The average return of spread portfolios is nearly doubled to 1.26% per month (15.11%
per year) after applying VMPA, with an average t-statistic of 5.99. These results confirm
that the ones discussed in Han et al. (2019). In general, we can enhance the performance of
annually rebalanced hedged portfolios to ones comparable to the momentum anomaly. On
average, VMPA can help increase the average portfolio returns by 0.59% per month. All
t-statistics for the improvements are above 4.
For the momentum anomaly, VMPA reduces the average stock returns in the short leg
and increases the average stock returns in the long leg. This is an ideal case since VMPA
has a positive effect on the long leg and a negative impact on the short leg of the momentum
anomaly. However, for all other anomalies, VPMA has positive impacts on the average stock
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returns in both long and short legs. This is mainly due to the fact that we scale the stock
returns of the short legs and long legs at the same time when implementing VMPA. However,
this paper mainly focuses on exploiting the value-added of VMPA. Hence, we will leave this
discussion for future research.
There is a plentiful number of studies that mainly focus on the equal-weighted portfolio
sort results. Fama and French (2008) and Hou et al. (2015) provide some justification for
their preferences of using equal-weighting over value-weighting for hedged portfolio construc-
tions since the value-weighted portfolios are mainly dominated by a few positions in large
caps. Hence, in this paper, our discussion mainly focuses on the equal-weighted anomaly
portfolios.3
3.3.3 Fama-French regression results
Another benchmark we choose to evaluate the performance of VMPA is the improvements in
risk-adjusted returns. Table 3.4 presents the risk-adjusted portfolio returns as the intercepts
in the Fama-French five-factor model. Panel A of Table 3.4 implies that the average alpha
of the original anomalies is 0.51% per month (annualized 6.16%), which is consistent with
the portfolio returns in section 3.3.2. The average t-statistics for original anomalies is 5.15,
providing a justification that these hedged portfolio returns cannot be explained by the
common risk factors of Fama and French (2015).
Panel B of Table 3.4 presents the alphas from anomalies with VMPA and improvements.
One can earn a risk-adjusted portfolio return as high as 1.68% per month (NOA). On average,
anomalies with VMPA earn a portfolio return of 1.14% per month (13.73% per year). The
risk-adjusted return enhancements vary from 0.95% per month (NOA) to 0.40% (NSI). On
average, the VMPA can enhance the alphas of anomalies by 0.65% per month (annualized
7.57%). All t-statistics of the return improvements are above 3. Hence, our results are robust
3The value-weighted portfolio sort results can be found in the appendix.
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after controlling the commonly recognized risk factors.
3.4 Robustness Checks
In this section, we present the results of VMPA under different economic conditions, periods,
and model setups. Additional details can be found in the appendix.
3.4.1 Economic conditions
One reason that we use hedged or self-funded portfolios as a portfolio management strategy
is to hedge the risk of economic downturns or bear markets. However, anomalies may work
differently under different economic conditions. For example, Liu and Zhang (2008) discuss
the correlation of the momentum anomaly returns and macroeconomic factors. Grobys
(2016) conclude that the performance of the AG anomaly varies across different economic
conditions.
We use two methods to classify market or economic conditions. The first approach is
to use the data file from the Federal Reserve Bank of St. Loius website to identify months
with economic expansions and recessions. We use the monthly file named as “OECD based
Recession Indicators for the United States from the Peak through the Trough” to label the
recession months and expansion months. We then examine the performance of VMPA under
the two economic conditions.
Panel A of Table 3.5 reports the portfolio sort results for the original anomalies, anomalies
with VMPA, and the return improvements in spread portfolios during the recession months
or expansion months. For the original anomalies, the average monthly return for stocks in
short legs is 0.55% for expansion months and −1.01% for recession months. For stocks in the
long legs, the average return is 1.10% per month during the market expansions, and −0.16%
during the market recessions. For anomalies with VMPA, the average monthly return for
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stocks in short legs is 1.53% for expansion months and −1.53% for recession months. For
stocks in the long legs, the average return is 2.72% per month during the market expansions,
and −0.17% during the market recessions. These results have two implications. First,
stocks on average perform much worse during the economic downturns, even with VMPA,
for both short and long legs. Second, VMPA works differently under different economic
conditions. For the expansion months, VMPA augments the returns in both long and short
legs. However, for recession months, VMPA has almost no effect on long legs but has a
negative effect on returns in short legs. It suggests that the short legs are more sensitive to
VMPA during the recessions. Also, our results show that the performance of VMPA during
the recessions works almost as well as the performance during the expansions (0.52% vs.
0.64% per month).
The second approach is the one that follows Lunde and Timmermann (2004) to identify
bear and bull stock markets.4 We use pseudo developed market index prices to differentiate
bull market months and bear market months. Panel B of Table 3.5 reports the portfolio sort
results under different stock market conditions. On average, VMPA increases the portfolio
returns of anomalies by 0.63% during for bull market months, and 0.43% for bear market
months. The t-statistics for bear market months are relatively small since our sample only
includes 47 bear market months (so the number of observations is not plenty in our analysis).
However, it also provides some robustness for VMPA.
4First, we download the daily five-factor files for developed markets from Kenneth French’s website. We
use the excess market return plus the risk-free rate as the daily return for developed markets. We then pick
the June 29th, 1990 as the base date and set the price index for developed markets as 100 on that day.
Finally, we update the price index based on the price of day t-1 and the market return of day t. We choose
the threshold c of the movements in stock prices that triggers a switch from bull to bear market as 0.15, and
from bear to bull market as 0.2. More details can be found in the appendix.
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3.4.2 Sub-periods results
In this section, we divide the sample periods into two sub-periods and examine the perfor-
mance of VMPA under these sub-periods for robustness checks. Finke and Weigert (2017)
argue that the segment data in Worldscope before the year of 2000 may not be rich enough.
Hence, we divide our dataset into two sub-samples, samples for the period 1990-2000 and
2000-2019.
Table 3.6 provides the portfolio results for two sub-samples. In general, the original
anomalies earn an average portfolio yield of 0.47% per month during the period 1990-2000,
and 0.78% per month during the period 2000-2019. This is also a justification for the contin-
uous presence of anomalies in the international markets. The average return improvements
from VMPA is 0.63% per month during the earlier period, and 0.58% per month during the
latter period. These results show that the VMPA works well both in the 1990-2000 period
and the 2000-2019 period.
3.4.3 Target volatility level
We provided some justifications of choosing 8% as the annualized volatility target level when
implementing VMPA in section 3.2. However, here, we provide the economic gains results
for different target volatility levels for robustness.
Table 3.7 presents the results when we choose different target volatility levels. Panel
A shows the results for a 6% targe volatility level, and Panel B presents the result for a
10% targe volatility level. For the 6% target volatility level, the average portfolio return
of anomalies is increased by 3.30% per year after applying VMPA. The average standard
deviation is slightly increased by 2.18% annually. The average Sharpe ratio is increased
by 0.18 per year, while the average annual information ratio has a value of 0.72. In sum,
choosing 6% as the volatility target level impairs the performance of VMPA a little but
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reduces the risk as well. For results in Panel B, the average return is increased by 10.85%
per year, and the average standard deviation is up by 8.87% annually. The annual Sharpe
ratio is increased by 0.28, and the average information ratio is equal to 1.08. These results
look to be too aggressive since a 10% target volatility level is much higher than the average
annual standard deviations of 7.86%.
In general, a lower target volatility level may reduce the performance of VMPA and hence
make the strategy less intriguing, while a higher target volatility level may boost the risk
hence contradict our risk management goals. In practice, investors may use alternative or
dynamic target levels to fit their investment goals. For example, a more conservative mutual
fund manager may choose a low volatility target level due to investment restrictions. A hedge
fund manager, on the other hand, may able to set up a higher target volatility level to chase
higher expected returns. However, although choosing the most favored target volatility level
for each type of investor might be an interesting topic, we leave it for future research since
it is beyond the scope of this paper.
3.4.4 Realized volatility forecasting
So far, we use the past 126 days realized volatility of last month as an estimator of the realized
volatility of current. Han et al. (2019) point out that it may induce some forecasting biases.
To address the concerns of forecasting biases, we follow Barroso and Santa-Clara (2015) to
construct an alternative estimator for the realized volatility. First, we calculate the realized
variance at the end of each month, as shown in equation (3.1). We then run an AR(1)
process with expanding windows for the realized variance series as:
σ2a,m = α + ρσ
2
a,m−1 + εm (3.3)
We estimate the realized volatility of the current month through the AR(1) formula using
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the realized volatility calculated for last month as an input. We use the period 1990:07 to
2010:07 as the training set (so no forecasting for this period) and expand the window after
2010:07 by including the updated observations in the regression.
Table 3.8 reports the portfolio sort results of the test set for the period 2010:08 to 2019:06.
Except for three anomalies (AG, IG, OA), all other anomalies earn positive and significant
portfolio returns. On average, the VMPA can help enhance the portfolio return by 0.59%
per month with an average t-statistic of 3.75. The alternative VMPA, which is based on
a simple AR(1) process, can help enhance the portfolio returns of anomales by 0.58% per
month on average, with an average t-statistic of 3.77. Statistically, these two approaches
have no difference.
3.4.5 Alternative economic value measurements
An alternative way to measure the economic value of VMPA is through the volatility timing
in a mean-variance framework proposed by Fleming et al. (2001). They calculate the fees
an investor who has a quadratic utility function and a constant absolute risk aversion level
(with level one stands for the lowest level of risk aversion, and level ten stands for the highest
level of risk aversion) is willing to pay to switch between two investment strategies.
Table 3.9 reports the results of this alternative measurement. Investors with all levels
of risk aversion are willing to pay extra dollars for switching from original anomalies to
anomalies with VMPA. The only exceptions are the investors with high risk aversion levels
and switching from the original AG and OPBE anomalies. Nevertheless, the average investors
(with risk aversion levels of five and six) are still willing to pay for this switching. On average,
investors are willing to pay 377 basis points to switch from original anomalies to anomalies
with VMPA annually. This provides additional evidence that VMPA adds value to anomalies.
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3.5 Conclusion
This paper tests the performance of VMPA in the international market. Anomalies with
VMPA can earn a portfolio return of 1.26% per month on average. Also, the VMPA increases
the Sharpe ratios of the anomalies. Our results remain robust under different economic
conditions, periods, and different model setups.
We shed light on connecting two critical steps in portfolio management: stock picking
and rebalancing timing. One can use anomalies as a way to make stock-picking decisions
while using VMPA to make portfolio underweighting or overweighting decisions. We show
that VMPA can help enhance the hedged portfolio returns.
For future research, choosing the optimal target volatility level might be an intriguing
topic. Not only the condition for the international market is different from the US market,
but also different anomalies may have different optimal target volatility levels. Also, a
dynamic target volatility model might be worth testing to accommodate different volatility
regimes. Besides, VMPA may also be applied to other anomalies in the anomaly zoo. A
more comprehensive VMPA variation will be scaling the individual stock returns based on
the volatility-managing signals for individual stocks rather than hedged portfolios.
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Table 3.1: Summary Statistics
This table provides summary statistics for all firms included in the sample. Panel A provides numbers
of observations, aggregated market capitalizations, and mean market capitalizations. Panel B reports the
average # of firms included each year by anomalies. Panel C reports the average value of each anomaly.
The sample period is from July 1990 to June 2019.
Panel A: Market Statistics
Country # of Firm-Month Obervations Aggregated Market Capitalization Average Market Capitalization
Australia 83,228 387,320 1,582
Austria 20,059 43,290 726
Belgium 28,696 130,664 1,547
Canada 227,845 561,401 830
Denmark 36,657 111,589 1,031
Finland 29,096 130,556 1,531
France 207,944 1,085,366 1,759
Germany 181,491 862,151 1,618
Greece 47,770 39,572 283
Hong Kong 87,784 326,923 1,281
Ireland 7,043 29,572 1,427
Italy 46,396 262,270 1,905
Japan 1,021,527 3,023,469 1,010
Netherlands 35,578 257,124 2,446
New Zealand 17,960 29,717 561
Norway 37,967 116,591 1,019
Portugal 19,693 39,859 682
Singapore 23,658 113,957 1,644
Spain 33,602 278,790 2,815
Sweden 89,705 223,498 842
Switzerland 52,606 585,223 3,785
United Kingdom 402,996 1,667,885 1,381
United States 1,495,270 10,433,440 2,364
Total 4,234,571 20,740,226 1,660
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Panel B: Annual Average # of Observations
Country AG BM GPA IG NOA NSI OA OPBE
Australia 194 205 201 189 186 211 187 205 238
Austria 48 50 49 45 46 52 42 50 58
Belgium 70 71 68 63 67 75 69 72 83
Canada 426 447 439 407 407 580 395 450 652
Denmark 94 96 91 88 89 99 90 97 106
Finland 80 80 77 77 77 74 76 81 84
France 499 500 482 440 460 526 452 507 599
Germany 442 441 424 409 404 467 411 447 522
Greece 110 117 104 49 105 119 102 118 137
Hong Kong 227 225 233 224 212 204 219 231 251
Ireland 19 20 20 19 19 18 19 20 20
Italy 125 128 124 118 120 115 122 129 134
Japan 2,681 2,744 2,719 2,126 2,611 2,732 2,615 2,763 2,953
Netherlands 94 97 95 92 90 94 91 98 103
New Zealand 40 43 40 40 39 45 37 43 51
Norway 103 104 98 97 98 93 95 106 109
Portugal 37 39 36 29 35 52 37 39 57
Singapore 56 60 60 56 55 62 55 60 68
Spain 87 88 87 82 82 86 86 89 97
Sweden 223 228 212 202 205 213 199 232 257
Switzerland 138 142 139 130 134 141 132 142 152
United Kingdom 1,023 1,037 1,056 984 944 1,026 988 1,047 1,160
United States 3,207 3,177 3,374 3,114 2,984 3,669 3,109 3,220 4,266
Total 10,024 10,138 10,227 9,078 9,470 10,753 9,627 10,245 12,159
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Panel C: Mean Values of Anomalies
Country AG BM GPA IG NOA NSI OA OPBE
Australia 0.44 0.55 0.27 1.38 0.83 0.08 -0.04 0.30 0.16
Austria 0.11 0.98 0.25 0.58 0.58 0.02 -0.05 0.57 0.09
Belgium 0.14 0.84 0.19 0.48 0.61 0.03 -0.05 0.47 0.09
Canada 0.92 0.85 0.21 1.88 1.00 0.13 -0.05 0.13 0.33
Denmark 0.12 1.06 0.30 0.57 0.64 0.04 -0.05 0.41 0.11
Finland 0.11 0.86 0.37 0.42 0.62 0.03 -0.05 0.68 0.14
France 0.16 0.78 0.18 0.56 0.53 0.03 -0.04 0.67 0.11
Germany 0.20 0.75 0.36 0.64 0.54 0.03 -0.06 0.76 0.10
Greece 0.19 0.91 0.24 0.93 0.75 0.03 -0.01 0.40 0.14
Hong Kong 0.31 0.89 0.25 1.63 0.67 0.06 -0.01 0.19 0.23
Ireland 0.19 0.68 0.30 0.51 0.65 0.04 -0.03 0.36 0.15
Italy 0.14 0.86 0.33 0.68 0.61 0.03 -0.04 0.33 0.12
Japan 0.05 1.14 0.32 0.56 0.53 0.01 -0.03 0.27 0.09
Netherlands 0.13 0.70 0.39 0.28 0.59 0.04 -0.05 0.72 0.13
New Zealand 0.20 0.64 0.30 0.61 0.84 0.03 -0.04 0.42 0.10
Norway 0.27 0.94 0.26 1.10 0.67 0.10 -0.05 0.61 0.14
Portugal 0.10 1.29 0.12 0.83 0.71 0.02 -0.05 0.46 0.10
Singapore 0.17 0.75 0.17 0.89 0.66 0.03 -0.03 0.24 0.18
Spain 0.13 0.92 0.23 0.90 0.67 0.03 -0.04 0.59 0.13
Sweden 0.26 0.82 0.24 0.81 0.62 0.11 -0.04 0.36 0.13
Switzerland 0.09 1.08 0.32 0.23 0.60 0.04 -0.04 0.36 0.12
United Kingdom 0.28 0.82 0.38 0.82 0.65 0.09 -0.05 0.33 0.09
United States 0.45 0.69 0.40 0.69 0.67 0.08 -0.06 0.10 0.17





















































































































































































































































































































































































































































































































































































































































































































Table 3.3: Main Results: Portfolio Sort Results
This table reports the portfolio sort results. Panel A reports the portfolio sort results of the original anomalies
for stocks in short legs, long legs, and hedged portfolios. Panel B reports the monthly mean portfolio returns
for anomalies with VMPA and the improvements. Significance level at the 1%, 5%, 10% levels are indicated
by ***, **, and *, respectively.
Panel A: Original Panel B: With VMPA
Short Long Long-Short Short Long Long-Short Improvement
AG -0.20 0.38 0.58*** 0.29 1.33** 1.04*** 0.46***
(-0.67) (1.40) (5.74) (0.47) (2.20) (5.33) (4.16)
BM -0.06 0.78*** 0.84*** 0.26 1.51*** 1.24*** 0.41***
(-0.20) (3.26) (5.70) (0.63) (3.78) (6.38) (4.17)
GPA -0.17 0.71*** 0.88*** 0.16 1.96*** 1.80*** 0.92***
(-0.62) (3.08) (8.44) (0.28) (4.10) (8.35) (7.83)
IG 0.15 0.56** 0.41*** 1.21* 2.08*** 0.87*** 0.46***
(0.55) (2.24) (5.28) (1.67) (2.99) (5.05) (4.30)
NOA -0.03 0.62** 0.64*** 0.46 1.99*** 1.53*** 0.89***
(-0.11) (2.22) (6.60) (0.72) (2.95) (6.96) (6.90)
NSI -0.19 0.60*** 0.79*** -0.19 0.97*** 1.15*** 0.36***
(-0.67) (2.88) (5.57) (-0.50) (3.22) (6.06) (5.33)
OA 0.16 0.43 0.27*** 0.80 1.62* 0.82*** 0.55***
(0.60) (1.61) (4.99) (0.97) (1.95) (4.91) (4.80)
OPBE -0.10 0.58** 0.68*** 0.07 1.42*** 1.34*** 0.67***
(-0.33) (2.57) (4.89) (0.12) (3.06) (5.11) (4.85)
MOM -0.29 0.64* 0.93*** -0.37 1.14*** 1.51*** 0.58***
(-0.83) (2.44) (3.84) (-0.85) (3.17) (5.71) (5.44)
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Table 3.4: Main Results: Fama-French Five-Factor Regression Alpha
This table reports the monthly risk-adjusted portfolio returns as the intercepts in the Fama-French five-factor
model. Panel A reports the risk-adjusted portfolio returns of original anomalies for stocks in short legs, long
legs, and hedged portfolios. Panel B reports the risk-adjusted portfolio returns for anomalies with VMPA
and the improvements. Newey and West (1987) robust t-statistics are in parentheses. Significance level at
the 1%, 5%, 10% levels are indicated by ***, **, and *, respectively.
Panel A: Original Panel B: With VMPA
Short Long Long-Short Short Long Long-Short Improvement
AG -0.53*** -0.05 0.48*** -1.05*** -0.02 1.03*** 0.55***
(-4.59) (-0.39) (5.11) (-3.92) (-0.07) (5.59) (5.12)
BM -0.31*** 0.16 0.46*** -0.65*** 0.36* 1.01*** 0.55***
(-3.43) (1.64) (6.09) (-3.67) (1.83) (7.21) (6.01)
GPA -0.42*** 0.24*** 0.66*** -0.65** 0.81*** 1.46*** 0.80***
(-3.30) (2.75) (6.86) (-2.23) (3.71) (7.00) (6.80)
IG -0.13 0.15 0.28*** -0.46 0.33 0.79*** 0.51***
(-1.13) (1.29) (3.75) (-1.42) (0.95) (4.53) (4.55)
NOA -0.45*** 0.27*** 0.72*** -0.86*** 0.82** 1.68*** 0.95***
(-4.12) (2.79) (7.20) (-2.72) (2.64) (7.45) (7.11)
NSI -0.65*** -0.04 0.61*** -0.99*** 0.02 1.01*** 0.40***
(-5.86) (-0.34) (5.59) (-5.66) (0.14) (6.35) (5.66)
OA -0.35*** 0.01 0.36*** -1.14*** -0.08 1.06*** 0.70***
(-3.23) (0.12) (6.19) (-3.27) (-0.23) (5.99) (5.83)
OPBE -0.38*** -0.05 0.33*** -0.93*** -0.06 0.87*** 0.54***
(-2.93) (-0.74) (3.14) (-2.88) (-0.30) (3.82) (3.99)
MOM -0.49** 0.22* 0.71** -1.06*** 0.33 1.39*** 0.67***
(-2.10) (1.89) (2.44) (-3.62) (1.61) (4.59) (6.40)
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Table 3.5: Performance Under Different Economic Conditions
This table reports monthly portfolio returns under different economic conditions. Panel A shows the portfolio
sort results for recession months and expansion months. Panel B shows the portfolio sort results for bull
market months and bear market months. T-statistics are in parentheses. Significance level at the 1%, 5%,
10% levels are indicated by ***, **, and *, respectively.
Panel A: Economic Expansions and Recessions
Original With VMPA
Short Long Long-Short Short Long Long-Short Improvement
AG Economic Expansion 0.50 0.93*** 0.43*** 1.53** 2.52*** 0.99*** 0.56***
(1.63) (2.86) (3.92) (1.99) (3.09) (3.80) (3.57)
Economic Recession -1.27** -0.45 0.81*** -1.62 -0.49 1.12*** 0.31**
(-2.20) (-0.94) (4.21) (-1.63) (-0.57) (3.81) (2.13)
BM Economic Expansion 0.55* 1.34*** 0.78*** 0.92* 2.49*** 1.57*** 0.78***
(1.82) (4.84) (4.88) (1.73) (4.84) (5.75) (6.19)
Economic Recession -0.92* -0.01 0.91*** -0.66 0.13 0.78*** -0.13
(-1.76) (-0.02) (3.34) (-0.97) (0.21) (2.93) (-0.90)
GPA Economic Expansion 0.53 1.19*** 0.66*** 1.74** 3.19*** 1.45*** 0.79***
(1.64) (4.64) (5.18) (2.33) (5.37) (4.95) (4.69)
Economic Recession -1.17** 0.03 1.20*** -2.06** 0.24 2.30*** 1.11***
(-2.37) (0.07) (6.86) (-2.34) (0.31) (7.32) (7.12)
IG Economic Expansion 0.81*** 1.04*** 0.23*** 2.75*** 3.36*** 0.61*** 0.38**
(2.85) (3.66) (3.04) (3.16) (3.84) (2.74) (2.52)
Economic Recession -0.86 -0.17 0.68*** -1.16 0.12 1.28*** 0.60***
(-1.58) (-0.38) (4.37) (-0.93) (0.11) (4.67) (3.99)
NOA Economic Expansion 0.57** 1.14*** 0.56*** 1.99** 3.40*** 1.42*** 0.85***
(2.10) (3.57) (4.17) (2.58) (3.94) (4.53) (4.68)
Economic Recession -0.95* -0.19 0.77*** -1.89* -0.18 1.72*** 0.95***
(-1.90) (-0.37) (5.68) (-1.79) (-0.17) (5.95) (5.51)
NSI Economic Expansion 0.41 0.95*** 0.54*** 0.68 1.60*** 0.92*** 0.38***
(1.36) (3.73) (3.33) (1.48) (4.04) (3.66) (3.78)
Economic Recession -1.10* 0.06 1.17*** -1.52** 0.00 1.51*** 0.35***
(-2.13) (0.18) (4.55) (-2.45) (0.00) (5.23) (4.19)
OA Economic Expansion 0.65** 1.01*** 0.36*** 2.41** 3.47*** 1.06*** 0.70***
(2.25) (3.35) (4.81) (2.53) (3.57) (4.65) (4.52)
Economic Recession -0.61 -0.47 0.14* -1.67 -1.22 0.45* 0.31*
(-1.26) (-0.97) (1.81) (-1.13) (-0.83) (1.90) (1.91)
OPBE Economic Expansion 0.60* 1.06*** 0.45** 1.41* 2.47*** 1.06*** 0.61***
(1.70) (4.26) (2.56) (1.81) (4.38) (2.85) (3.00)
Economic Recession -1.09** -0.10 0.99*** -1.81** -0.06 1.74*** 0.75***
(-2.14) (-0.25) (4.52) (-1.99) (-0.08) (4.92) (4.39)
MOM Economic Expansion 0.29 1.21*** 0.92*** 0.35 1.97*** 1.62*** 0.70***
(0.82) (3.62) (4.05) (0.66) (3.99) (5.23) (6.01)
Economic Recession -1.11 -0.16 0.95* -1.39* -0.02 1.37*** 0.41**
(-1.61) (-0.38) (1.93) (-1.89) (-0.04) (2.91) (2.08)
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Panel B: Bull and Bear Stock Market
Original With VMPA
Short Long Long-Short Short Long Long-Short Improvement
AG Bull Market 0.15 0.61** 0.47*** 0.93 1.86*** 0.92*** 0.46***
(0.54) (2.27) (4.60) (1.50) (2.91) (4.23) (3.55)
Bear Market -1.81* -0.68 1.13*** -2.74 -1.12 1.62*** 0.49**
-1.65 -0.74 3.49 -1.49 -0.67 3.66 2.49
BM Bull Market 0.24 1.02*** 0.78*** 0.64 2.02*** 1.37*** 0.59***
(0.90) (4.23) (5.63) (1.44) (4.70) (6.15) (5.61)
Bear Market -1.37 -0.29 1.07** -1.41 -0.74 0.67* -0.40*
(-1.39) (-0.40) (2.10) (-1.26) (-0.74) (1.77) (-1.75)
GPA Bull Market 0.13 0.91*** 0.78*** 0.71 2.41*** 1.69*** 0.91***
(0.47) (4.06) (7.05) (1.17) (4.81) (6.97) (6.64)
Bear Market -1.51 -0.17 1.34*** -2.28 0.01 2.29*** 0.95***
(-1.63) (-0.22) (4.71) (-1.44) (0.01) (4.90) (4.89)
IG Bull Market 0.45* 0.79*** 0.34*** 1.92** 2.71*** 0.79*** 0.45***
(1.79) (3.28) (4.75) (2.61) (3.74) (4.22) (3.63)
Bear Market -1.24 -0.53 0.71*** -2.12 -0.86 1.26*** 0.55**
(-1.20) (-0.62) (2.54) (-0.94) (-0.42) (2.82) (2.51)
NOA Bull Market 0.25 0.83*** 0.57*** 1.12* 2.50*** 1.38*** 0.81***
(1.05) (3.07) (5.19) (1.80) (3.68) (5.57) (5.56)
Bear Market -1.34 -0.36 0.97*** -2.66 -0.40 2.25*** 1.28***
(-1.41) (-0.38) (4.94) (-1.28) (-0.19) (4.85) (4.67)
NSI Bull Market 0.07 0.74*** 0.67*** 0.16 1.23*** 1.07*** 0.40***
(0.28) (3.42) (4.76) (0.42) (3.73) (5.16) (4.97)
Bear Market -1.40 -0.04 1.36*** -1.82* -0.25 1.56*** 0.20**
(-1.43) (-0.06) (2.91) (-1.67) (-0.35) (3.19) (2.07)
OA Bull Market 0.40 0.69*** 0.29*** 1.64** 2.52*** 0.87*** 0.59***
(1.62) (2.70) (4.71) (2.06) (3.13) (4.65) (4.57)
Bear Market -1.00 -0.79 0.22* -3.15 -2.58 0.58 0.36
(-1.11) (-0.85) (1.67) (-1.12) (-0.91) (1.57) (1.50)
OPBE Bull Market 0.21 0.80*** 0.59*** 0.60 1.88*** 1.27*** 0.68***
(0.71) (3.63) (4.12) (0.95) (3.90) (4.31) (4.24)
Bear Market -1.47 -0.42 1.06*** -2.26 -0.60 1.66*** 0.60***
(-1.56) (-0.58) (2.63) (-1.42) (-0.46) (2.86) (2.62)
MOM Bull Market -0.08 0.92*** 1.00*** -0.19 1.55*** 1.74*** 0.74***
(-0.25) (3.28) (4.57) (-0.42) (3.87) (6.43) (6.37)
Bear Market -1.25 -0.60 0.65 -1.18 -0.65 0.53 -0.12
(-0.94) (-0.87) (0.72) (-0.90) (-0.81) (0.66) (-0.48)
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Table 3.6: Sub-periods
This table reports monthly portfolio returns of sub-periods 1990-2000 and 2000-2019. T-statistics are in
parentheses. Significance level at the 1%, 5%, 10% levels are indicated by ***, **, and *, respectively.
Original With FMA
Short Long Long-Short Short Long Long-Short Improvement
AG 1990-2000 0.24 0.82* 0.58*** 1.01 2.29** 1.28*** 0.71***
(0.57) (1.80) (3.52) (1.05) (2.25) (3.66) (3.58)
2000-2019 -0.41 0.18 0.58*** -0.05 0.88 0.93*** 0.35***
(-1.05) (0.52) (4.57) (-0.07) (1.17) (3.94) (2.59)
BM 1990-2000 0.32 0.63* 0.31 0.58 1.26* 0.68* 0.37**
(0.71) (1.69) (1.29) (0.77) (1.92) (1.80) (2.32)
2000-2019 -0.25 0.86*** 1.11*** 0.10 1.64*** 1.54*** 0.42***
(-0.71) (2.78) (6.06) (0.20) (3.26) (6.95) (3.46)
GPA 1990-2000 0.24 0.73* 0.49*** 1.16 2.35** 1.19*** 0.70***
(0.51) (1.89) (2.79) (1.08) (2.56) (2.98) (3.05)
2000-2019 -0.39 0.70** 1.09*** -0.36 1.76*** 2.12*** 1.03***
(-1.11) (2.42) (8.45) (-0.53) (3.19) (8.40) (7.80)
IG 1990-2000 0.60 0.99*** 0.39*** 2.25** 3.21*** 0.95*** 0.57***
(1.51) (2.58) (3.38) (2.20) (3.31) (3.24) (3.10)
2000-2019 -0.06 0.36 0.42*** 0.72 1.55* 0.83*** 0.42***
(-0.17) (1.12) (4.16) (0.75) (1.69) (3.90) (3.11)
NOA 1990-2000 0.12 1.02** 0.89*** 1.26 3.52*** 2.26*** 1.37***
(0.33) (2.18) (3.88) (1.13) (2.81) (4.37) (4.50)
2000-2019 -0.10 0.43 0.53*** 0.08 1.27 1.19*** 0.67***
(-0.29) (1.24) (5.59) (0.10) (1.60) (5.62) (5.41)
NSI 1990-2000 0.05 0.37 0.31 0.11 0.71 0.60 0.29*
(0.13) (0.99) (1.19) (0.17) (1.18) (1.45) (1.71)
2000-2019 -0.30 0.72*** 1.01*** -0.32 1.09*** 1.41*** 0.40***
(-0.83) (2.81) (6.08) (-0.71) (3.20) (7.05) (6.38)
OA 1990-2000 0.30 0.90** 0.61*** 1.53 3.35*** 1.82*** 1.21***
(0.73) (2.14) (5.36) (1.24) (2.71) (5.68) (5.78)
2000-2019 0.09 0.21 0.12** 0.45 0.81 0.35* 0.24*
(0.27) (0.61) (2.01) (0.43) (0.75) (1.88) (1.80)
OPBE 1990-2000 0.48 0.38 -0.10 1.47 1.30 -0.17 -0.07
(0.94) (1.10) (-0.36) (1.24) (1.48) (-0.30) (-0.23)
2000-2019 -0.40 0.68** 1.08*** -0.65 1.48*** 2.13*** 1.05***
(-1.09) (2.34) (7.29) (-0.98) (2.75) (8.44) (8.39)
MOM 1990-2000 0.07 0.80 0.73* 0.23 1.50** 1.27** 0.54***
(0.14) (1.58) (1.87) (0.29) (2.21) (2.44) (2.58)
2000-2019 -0.48 0.56* 1.04*** -0.69 0.96** 1.64*** 0.60***
(-1.02) (1.84) (3.35) (-1.30) (2.27) (5.47) (4.96)
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Table 3.7: Alternative Target Volatility Levels
This table reports the economic gains from VMPA with different target volatility levels. Panel A reports the
results when we choose 6% as the annual target volatility level. Panel B reports the results if we use 10% as
the annual target volatility level.
Panel A: 6% Volatility Target
Maximum Minimum Mean Standard Kurtosis Skewness Sharpe Information
deviation ratio ratio
AG Original 7.69 -6.27 6.98 6.41 2.21 0.88 0.71 -
With VMPA 10.79 -5.35 9.39 9.29 0.52 0.40 0.75 0.56
BM Original 14.87 -10.09 10.03 9.46 3.93 0.45 0.78 -
With VMPA 10.56 -8.06 11.19 9.42 1.15 0.12 0.90 0.24
GPA Original 7.04 -8.15 10.59 6.74 2.24 -0.34 1.17 -
With VMPA 9.92 -13.46 16.23 10.43 2.16 -0.65 1.30 1.32
IG Original 6.06 -5.58 4.90 4.90 3.76 0.81 0.50 -
With VMPA 6.91 -5.45 7.85 8.20 -0.09 0.11 0.66 0.69
NOA Original 15.79 -4.10 7.73 6.18 15.42 2.20 0.85 -
With VMPA 23.30 -5.36 13.81 10.46 8.55 1.59 1.09 1.26
NSI Original 9.91 -10.26 9.48 8.98 1.91 -0.32 0.78 -
With VMPA 8.50 -9.32 10.39 9.05 0.98 -0.29 0.87 0.35
OA Original 4.37 -2.89 3.28 3.46 1.40 0.46 0.24 -
With VMPA 9.23 -5.70 7.40 7.96 0.37 0.23 0.62 0.90
OPBE Original 9.26 -14.10 8.12 8.92 5.88 -1.27 0.61 -
With VMPA 9.25 -19.71 12.10 12.70 5.72 -1.55 0.74 0.79
MOM Original 17.46 -32.84 11.19 15.67 12.72 -1.71 0.55 -
With VMPA 13.00 -19.48 13.63 12.81 4.47 -0.93 0.86 0.37
Panel B: 10% Volatility Target
Maximum Minimum Mean Standard Kurtosis Skewness Sharpe Information
deviation ratio ratio
AG Original 7.69 -6.27 6.98 6.41 2.21 0.88 0.71 -
With VMPA 17.98 -8.91 15.65 15.48 0.52 0.40 0.85 0.87
BM Original 14.87 -10.09 10.03 9.46 3.93 0.45 0.78 -
With VMPA 17.60 -13.43 18.64 15.70 1.15 0.12 1.02 0.99
GPA Original 7.04 -8.15 10.59 6.74 2.24 -0.34 1.17 -
With VMPA 16.54 -22.43 27.04 17.39 2.16 -0.65 1.40 1.50
IG Original 6.06 -5.58 4.90 4.90 3.76 0.81 0.50 -
With VMPA 11.51 -9.08 13.08 13.67 -0.09 0.11 0.78 0.86
NOA Original 15.79 -4.10 7.73 6.18 15.42 2.20 0.85 -
With VMPA 38.83 -8.94 23.01 17.44 8.55 1.59 1.18 1.32
NSI Original 9.91 -10.26 9.48 8.98 1.91 -0.32 0.78 -
With VMPA 14.16 -15.54 17.32 15.08 0.98 -0.29 0.98 1.12
OA Original 4.37 -2.89 3.28 3.46 1.40 0.46 0.24 -
With VMPA 15.38 -9.50 12.33 13.26 0.37 0.23 0.75 0.92
OPBE Original 9.26 -14.10 8.12 8.92 5.88 -1.27 0.61 -
With VMPA 15.42 -32.85 20.17 21.17 5.72 -1.55 0.83 0.93
MOM Original 17.46 -32.84 11.19 15.67 12.72 -1.71 0.55 -





































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 3.9: Additional Fees
This table reports additional average annualized fees (in basis point) that an investor with quadratic utility
and different levels of constant relative risk aversion would be willing to pay in order to switch from the
original anomaly strategies to anomalies with VMPA.
Level of Risk Aversion AG BM GPA IG NOA NSI OA OPBE MOM
1 497 454 1030 509 989 405 608 697 674
2 440 420 954 460 909 372 556 591 651
3 381 384 876 410 826 338 504 483 626
4 321 348 795 360 742 303 452 372 601
5 260 311 712 308 656 267 398 257 576
6 197 272 627 256 566 231 344 138 549
7 132 233 537 203 475 193 288 15 522
8 66 193 445 148 379 154 231 -114 494
9 -2 151 347 92 280 115 174 -249 465
10 -73 107 245 34 176 73 114 -392 436
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Appendix A
A.1 Creating a User-defined Constituent List
In this section, we provide details of our method to create the user-defined constituent list.
Such a list is used for time series data downloading purposes. The list consists of identifiers
of the stocks in our sample space.
In general, Thomson Reuters Eikon provides three types of built-in constituent lists for
each market. The first type is the Worldscope constituent lists. The names of such lists are
usually starting with the prefix “WS”. The second type is the research constituent list, and
the name of such a list usually has a prefix “F” and follows with the country code. The third
type is the dead list, which includes delisted stocks. A dead list usually includes the phrase
“dead” as a part of the list name. The component of each list might vary over time since
Thomson Reuters would move a stock from the first two lists to the dead list if the stock got
delisted. Besides, some lists may consist of noises, such as non-equity securities, duplicated
entries, or error security codes.
In all three chapters, we discuss the necessity of data cleaning when analyzing data
from TDS. Also, Thomson Reuters Eikon restricts the number of stocks in a user-defined
constituent list as 5,000 tickers maximum. Hence, we propose to form multiple user-defined
and cleaned constituent lists to cover international markets. Table A.1 provides the name
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of raw lists we use to download the static information for data cleaning and forming the
user-defined constituent lists.
We then download static variables based on the oversized constituent lists showed in Table
A.1 and applied the static screening. When the final sample space has been confirmed, we
upload the cleaned Datastream ID (DSID) list to create the user-defined constituent lists.
All the time-series downloads are based on the user-defined constituent lists.
A.2 Rules to Exclude Non-commom Equity Names
One major step for the data cleaning process is to exclude non-common equities from our
sample space. We follow Ince and Porter (2006), Hanauer and Lauterbach (2019), and Griffin
et al. (2010) to create a list of strings which show red flags for security names. We drop
securities if their names contain any of the string patterns in Table A.2 or Table A.3.1 Also,
we remove a security if its field “INDC6” equals any phrase of the following: ITSPL, ITVNT,
INVNK, ITGSP, IVTUK, ITINT, UNITS, RLDEV, CURFD, INVCO, INSPF, OFFSH,
INVTO, ITEMG, OEINC, ITVCT, EXTRF.
After the static screening process,2 we have 52,509 unique security names in our sample
space. Table A.4 provides the number of stocks by country after the static screening.
A.3 Definition of Anomalies
In this section, we discuss the generation process for anomalies we use in chapters 2 and 3.
We mainly follow Hanauer and Lauterbach (2019) section A.2 and the original papers for
generating anomalies.
1Table A.3 lists rules for specific countries. So we only match the stocks within each country listed.
2See section 2.2 for details.
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A.3.1 Size
The size variable is used as a weighting variable for value-weighted portfolios. Also, we drop
a stock if its last end-of-June size value is equal to or is less than 0, or is missing. The size
variable is defined as the market equity (Datastream item MV), converted to US dollars. We
update this variable at the end of June of year t and use the same value for analysis until
the end of June of year t+1.
A.3.2 Asset growth (AG)
AG is defined as the percentage change in total assets (Worldscope item WC02999) from the
end of year t-2 to the end of year t-1. All variables are converted to US dollars. We update
this anomaly at the end of December of year t-1 and use the same value for analysis from
July of year t to June of year t+1.
A.3.3 Book-to-market equity (BM)
BM is defined as common equity (Worldscope item WC03501) plus deferred taxes (World-
scope item WC03263), both divided by market equity (Datastream item MV). Deferred taxes
are set to 0 if missing. All variables are converted to US dollars. We update this anomaly
at the end of December of year t-1 and use the same value for analysis from July of year t
to June of year t+1.
A.3.4 Gross profit-to-assets (GPA)
GPA is defined as net sales or revenue (Worldscope item WC01001) minus cost of goods sold
(Worldscope item WC01051), both divided by total assets (Worldscope item WC02999). All
variables are converted to US dollars. We updated this anomaly at the end of December of
year t-1 and use the same value for analysis from July of year t to June of year t+1.
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A.3.5 Investment growth (IG)
IG is defined as the percentage change in capital expenditure (Worldscope item WC04601)
from the end of year t-2 to the end of year t-1. All variables are converted to US dollars. We
update this anomaly at the end of December of year t-1 and use the same value for analysis
from July of year t to June of year t+1.
A.3.6 Momentum (MOM)
Momentum is defined as the cumulated total stock return (converted from the total return
index, Datastream item RI) from month t-7 to month t-1. All variables are converted to US
dollars. We updated this anomaly at the end of each month.
A.3.7 Net operating assets (NOA)
NOA is defined as operating assets minus operating liabilities, both divided by lagged to-
tal assets (Worldscope item WC02999). Operating assets is total assets minus cash and
short-term investment (Worldscope item WC02001). Operating liabilities is total assets mi-
nus short-term and long-term debt (Worldscope item WC03255), minus minority interest
(Worldscope item WC03426), minus preferred stock and common equity (Worldscope item
WC03995). All variables are converted to US dollars. We updated this anomaly at the end
of December of year t-1 and use the same value for analysis from July of year t to June of
year t+1.
A.3.8 Net Stock Issuance (NSI)
NSI is defined as the natural log of shares outstanding (Datastream item NOSH) over ad-
justed factor (Datastream item AF) at the end of June of year t minus the natural log of
shares outstanding over adjusted factor at the end of June of year t. We update this variable
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at the end of June of year t and use the same value for analysis until the end of Jun of year
t+1.
A.3.9 Operating accruals (OA)
OA is defined as the change in operating working capital minus depreciation, depletion,
and amortization (Worldscope item WC01151), both divided by total assets (Worldscope
item WC02999). Change in operating working capital is defined as change in current assets
(Worldscope item WC02201) minus change in cash and short term investments (World-
scope item WC02001), minus change in current liabilities (Worldscope item WC03101), plus
change in debt in current liabilities (Worldscope item WC03101), plus change in income
taxes payable (Worldscope item WC03063). All variables are converted to US dollars. We
updated this anomaly at the end of December of year t-1 and use the same value for analysis
from July of year t to June of year t+1.
A.3.10 Operating profits-to-book equity (OPBE)
OPBE is defined as net sales or revenue (Worldscope item WC01001) minus cost of goods sold
(Worldscope item WC01051), minus selling, general, and administrative expenses (World-
scope item WC01101), minus interest expense (Worldscope item WC01251); all divided by
book equity (common equity (Worldscope item WC03501) plus Deferred taxes (Worldscope
item WC03263)). All variables are converted to US dollars. We updated this anomaly at
the end of December of year t-1 and use the same value for analysis from July of year t to
June of year t+1.
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A.4 Definition of Other Variables
A.4.1 Identify bear and bull markets
In both chapters 2 and 3, we discuss the portfolio performance of anomalies under different
stock market conditions. We follow Lunde and Timmermann (2004) and Kole and Van Dijk
(2017) to identify bull and bear markets. Basically, we use the following algorithm to classify
stock market conditions:
• The market starts in a bull state on 1990/06/29. After that, we perform a check every
day based on the market states of the previous day. We set the initial Pmax (last peak
price) as the index price as of 1990/06/29, and initial Pmin (last trough price) as NA.
• For daily check on day t, suppose the last observed extreme value before day t was a
market peak with value Pmax, do the following checks:
a. If the index price P(t) > Pmax, set Pmax=P(t). It’s a new peak. Mark the
market status of day t as bull. Move to day t+1.
b. If the index price P(t) < (1-0.15)Pmax, set Pmin=P(t). Pmin is a new trough
value. Mark the market status of day t as bear. Move to day t+1.
c. If neither of above two conditions is satisfied, Mark the market status of day t
as bull. Move to day t+1.
• Suppose the last observed extreme value before period t was a trough with value Pmin,
do the following checks:
a. If the index price P(t) < Pmin, set Pmin=P(t), Mark the market status of day
t as bear. It’s a new trough. Move to day t+1.
b. If the index price P(t) > (1+0.20)Pmin, set Pmax=P(t). Pmax is a new peak
value. Mark the market status of day t as bull. Move to day t+1.
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c. If neither of these conditions is satisfied, Mark the market status of day t as
bear. Move to day t+1.
We then count the number of days within each month marked as bull or bear. If the
number of bull market days exceeds the number of bear market days, we label the whole
month as a bull market month. We mark the whole month as a bear market month if the
number of bear market days is more than half within the month.
A.4.2 Turnover rates
In section 2.3.4, we show the turnover rates for portfolios of original anomalies versus the
ones with FMA. We mainly follow Han et al. (2019) to calculate the turnover rates. Turnover
rate is computed as the average of the turnover rates for the buy-side and the sell-side. The
buy (sell) turnover rate is computed as the number of stocks bought (sold) divided by the
total number of stocks before rebalance. For MMA, since we need to check the MA status at
the end of each month, we use the annualized average monthly turnover during the holding
period 3 for comparison purpose.
A.5 Additional Tables and Figures
A.5.1 LAIS portfolio sort results: alternative stock price filter
thresholds
Table A.5 reports results of choosing different stock price filter thresholds. Panel A and B
present the portfolio sort results of choosing $0.25 and $1 as a common stock price threshold.
3To be conservative, we do not include the turnover rate for the rebalanced date. It would be much higher
than the annualized average monthly turnover rate.
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A.5.2 Causality test
Table A.6 reports results of the causality test. Column 1 shows the results of the logistic
regression model. Column 2 shows the results of the logistic regression model with the time
fixed effect. Column 3 shows the results of the logistic regression model with the individual
fixed effect. Column 4 shows the results of the logistic regression model with the time fixed
effect and the individual fixed effect.
A.5.3 Portfolio cumulative returns around the LAIS portfolio con-
struction month
Figure A.1 shows the cumulative portfolio returns for different types of firms we discussed in
chapter 1. We construct three portfolios based on the types of firms: global firms, domestic
firms, or LAIS firms. We then calculate the cumulative 24 months leading and preceding
returns for each portfolio on the rebalancing dates and take the average values. The blue
curve represents the cumulative returns of LAIS firms and shows a significant downtrend
over the 48 months window. The orange curve, which shows the return trend for global
firms, has a slight uptrend. The grey curve denotes that the return trend for domestic firms
is roughly flat.
A.5.4 Value-weighted results for anomalies with FMA
Table A.6 reports the value-weighted portfolio returns of original anomaly strategies and
strategies with FMA. For value-weighted portfolios, the additional average return one can
earn by applying FMA is 22 basis points each month (annualized 2.64%).
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A.5.5 Fama-French three-factor regression results for anomalies
with FMA
Table A.7 shows the risk-adjusted portfolio results of original anomalies, anomalies with
FMA, and anomalies with MMA. On average, the original anomalies earn a risk-adjusted
portfolio return of 0.35% per month. This number is doubled to 0.72% after applying FMA.
Anomalies with MMA earns an average risk-adjusted portfolio return of 0.62% per month.
A.5.6 Value-weighted results for anomaly strategies with VMPA
Table A.9 reports the value-weighted portfolio returns of original anomaly strategies and
strategies with VMPA. For value-weighted portfolios, the additional average return one can
earn by applying VMPA is 59 basis points each month (annualized 7.08%).
A.5.7 Fama-French three-factor regression results for anomalies
with VMPA
Table A.10 shows the risk-adjusted portfolio results of original anomalies and anomalies with
VMPA. The original anomalies earn a risk-adjusted portfolio return of 0.66% per month on
average. This number is nearly doubled to 1.27% for anomalies with VMPA.
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Table A.1: Constituent Lists by Country























































Table A.2: Generic Filter Rules
This table provides the generic filter rules to screen security names. If the security name contains any of the
string patterns in this table, we exclude the security from our sample space.
Classified as String Patterns
Duplicates “DUPLICATE” “ DUPL” “DUP.” “DUPE” “DULP” “DUPLI”
“1000DUPL” “XSQ” “XETa” “ DUP ” “DUPL ”
Depository Receipts “ ADR” “GDR”
Preferred Stock “Stock” “PREFERRED” “PF.” “PFD” “PFD.” “PREF” “’PF”’
“PRF”
Warrants “WARRANT” “.WARRANT” “WARRANTS” “WTS” “.WTS”
“WTS2” “WARRT”
Debt “ DEB ” “ DB” “DCB” “ DEBT ” “DEBENTURES” “ DEBENTURE”
“%”
Unit Trusts (2 words) “RLST IT” “INVESTMENT TRUST” “INV TST” “UNIT TRUST”
“UNT TST” “TRUST UNITS” “TST UNITS” “TRUST UNIT” “TST UNIT”
Unit Trusts (1 word) “ UT ” “.IT”
ETF “ETF” “ISHARES” “INAV” “X-TR” “LYXOR” “JUNGE” “AMUNDI”
Ince and Porter(2006) “500” “ BOND ” “DEFER” “ DEP ” “DEPY” “.DEPY.” “ELKS”
“ ETF” “FUND” “FD” “FD.” “.FD.” “.FUND” “FUND.” “.GDR” “IDX” “.IDX”
“IDX.” “INDEX” “ MIPS” “ MITS” “MITS.” “ MITT ” “ MITT.” “NIKKEI”
“ NOTE.” “ NOTE ” “PERQS” “ PINES ” “ PINES.” “PRTF” “PTNS” “PTSHP”
“QUIBS” “ QUIDS”“ RATE” “RCPTS” “RECEIPTS” “REIT” “.REIT” “RETUR”
“ SCORE” “SPDR” “STRYPES” “TOPRS” “WTS” “XXXXX” “YIELD”
“YLD” “.YLD” “ QUIDS”
Expired securities “EXPIRED” “EXPD” “EXPIRY” “EXPY”
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Table A.3: Country Specified Filter Rules
This table provides the country specified filter rules to screen security names. If any part of the name matches
any strings listed in this table and the country also matched, we exclude the security from our sample space.
Country Strings
Australia “RTS” “DEF” “DFD” “DEFF” “PAID” “PRF”
Austria “PC” “GSH” “Genussscheine”
Belgium “CONV” “VVPR” “STRIP”




France “ADP” “CI” “CIP” “ORA” “ORCI” “OBSA” “OPCSM”
“SGP” “SICAV” “FCP” “FCPR” “FCPE” “FCPI” “FCPIMT” “OPCVM”
Germany “GENUSSCHEINE” “GSH”
Greece “PR” “PB”
Italy “RNC” “RIGHTS” “PV” “RP”
Netherlands “CERT” “CERTS” “STK”
New Zealand “RTS”
Sweden “VXX” “USE” “CONVERTED” “CONV”
Singapore “NCPS” “NCPS100” “NRFD” “FB” “FBDEAD”
Switzerland “USE” “CONVERTED” “CONV” “CONVERSION”
United Kingdom “ranking for dividend” “PAID” “NV”
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Table A.4: Number of Stocks after Static Screening


























Table A.5: Alternative Stock Price Filter Thresholds
This table reports the monthly average portfolio returns. Panel A reports the results when we apply $0.25
as threshold, and Panel B reports the results of choosing $1 as threshold. Columns 1-4 report the results
for LAIS, Domestic firms, MNCs, and the difference between MNCs and LAIS. Excess returns are portfolio
returns minus the risk-free rate. 3-factor and 5-factor Alphas are that from the Fama-French international
three-factor (MKT, SMB, HML) and Fama-French international five-factor (MKT, SMB, HML, RMW,
CMA) regressions respectively. T-statistics are in parentheses. Significance level at the 1%, 5%, 10% levels
are indicated by ***, **, and *, respectively.
Panel A: $0.25 threshold
LAIS Domestic Firms MNCs MNCs - LAIS
Excess Return -0.12 0.55** 0.34 0.67***
(-0.42) (2.21) (1.41) (3.50)
3-factor Alpha -0.53*** -0.07 0.05 0.58***
(-2.71) (-0.66) (0.62) (3.13)
5-factor Alpha -0.50** 0.00 0.02 0.51***
(-2.33) (0.01) (0.19) (2.60)
Panel B: $1 threshold
LAIS Domestic Firms MNCs MNCs - LAIS
Excess Return 0.11 0.59** 0.41* 0.48**
(0.39) (2.36) (1.70) (2.39)
3-factor Alpha -0.30 0.00 0.09 0.40**
(-1.54) (0.03) (1.15) (2.05)
5-factor Alpha -0.35 0.08 0.07 0.42*
(-1.60) (0.65) (0.81) (1.97)
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Table A.6: Causality Test
This table reports the causality test results. The dependent variable is the LAIS dummy. The annual
accumulative return of year t-2 (AR) is used as a proxy of firms’ past stock returns. We include the same
control variable set as in column 6 of Table 1.3. Column 1 reports the results of the logistic regression
model. Column 2 shows the results of the logistic regression model with the time fixed effect. Column 3
lists the results of the logistic regression model with the individual fixed effect. Column 4 shows the results
of the logistic regression model with the time fixed effect and the individual fixed effect. T-statistics are in
parentheses. Significance level at the 1%, 5%, 10% levels are indicated by ***, **, and *, respectively. The
t-statistics are adjusted using bootstrapped standard errors. We include June observations only and have
70,841 firm-year observations in our sample.
(1) (2) (3) (4)
AR 0.12 0.14 0.21 0.30
(1.53) (1.63) (1.53) (1.36)
Size -0.04 -0.04 0.04 0.06
(-1.37) (-1.12) (0.43) (0.49)
BM 0.13 0.12 0.14 0.05
(1.42) (1.40) (0.77) (0.22)
BM Dummy 1.07* 1.13** -1.00 -2.30
(1.68) (2.01) (-0.11) (-0.27)
OP 0.07 0.08 -0.06 -0.02
(0.32) (0.30) (-0.21) (-0.06)
AG 0.06 0.05 0.11 0.06
(0.37) (0.30) (0.33) (0.10)
MOM 0.16 0.16 -0.37 -0.41
(0.60) (0.55) (-1.03) (-1.23)
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Table A.7: Value-weighted results for FMA
This table reports the monthly average returns for value-weighted portfolios. Panel A is the portfolio
performance using the original anomaly strategies for the short leg, long leg, and the spread portfolio (Long-
Short). Panel B reports the portfolio returns after applying the FMA method, plus the improvement from
the original strategies. T-statistics are in parentheses. Significance level at the 1%, 5%, 10% levels are
indicated by ***, **, and *, respectively.
Panel A: Original Panel B: With FMA
Short Long Long-Short Short Long Long-Short Improvement
AG 0.49* 0.67*** 0.17 0.19 0.61*** 0.41*** 0.24*
(1.88) (3.02) (1.39) (0.70) (2.70) (2.59) (1.71)
BM 0.50** 0.59** 0.08 0.22 0.55** 0.33** 0.25*
(2.21) (2.38) (0.62) (0.92) (2.27) (2.05) (1.91)
GPA 0.28 0.63*** 0.34*** 0.14 0.68*** 0.53*** 0.19
(1.16) (2.83) (3.66) (0.53) (3.00) (3.17) (1.52)
IG 0.49* 0.72*** 0.23** 0.18 0.74*** 0.55*** 0.32**
(1.88) (3.13) (2.37) (0.64) (3.11) (3.52) (2.50)
NOA 0.37 0.70*** 0.34*** 0.31 0.75*** 0.45*** 0.11
(1.55) (2.85) (4.51) (1.21) (3.06) (2.79) (0.77)
NSI 0.45* 0.60*** 0.15 0.22 0.59*** 0.37** 0.22*
(1.71) (2.97) (1.50) (0.78) (2.89) (2.26) (1.67)
OA 0.39 0.62** 0.23*** 0.13 0.63** 0.50*** 0.27**
(1.56) (2.52) (2.74) (0.48) (2.51) (3.25) (2.10)
OPBE 0.24 0.59*** 0.34*** 0.11 0.61*** 0.50*** 0.16

















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table A.9: Value-weighted Portfolio Results with VMPA
This table reports the monthly average returns for value-weighted portfolios. Panel A is the portfolio
performance using the original anomaly strategies for the short leg, long leg, and the spread portfolio (Long-
Short). Panel B reports the portfolio returns after applying the VMPA method, plus the improvement from
the original strategies. T-statistics are in parentheses. Significance level at the 1%, 5%, 10% levels are
indicated by ***, **, and *, respectively.
Panel A: Original Panel B: With VMPA
Short Long Long-Short Short Long Long-Short Improvement
AG 0.15 0.70*** 0.55*** 1.15** 2.03*** 0.88*** 0.32*
(0.49) (2.62) (3.10) (1.95) (3.30) (2.58) (1.69)
BM 0.43 0.78*** 0.35* 1.10*** 1.36*** 0.27 -0.08
(1.62) (3.26) (1.72) (2.89) (2.88) (0.83) (-0.34)
GPA -0.06 0.71*** 0.77*** 0.40 2.00*** 1.60*** 0.83***
(-0.23) (3.08) (5.37) (0.72) (4.17) (4.86) (3.05)
IG 0.01 0.56** 0.55*** 1.07 2.22*** 1.14*** 0.59**
(0.03) (2.05) (3.24) (1.24) (2.85) (2.88) (2.36)
NOA 0.10 0.70** 0.61*** 0.77 2.35*** 1.58*** 0.98***
(0.37) (2.30) (3.89) (1.22) (3.23) (4.30) (4.36)
NSI 0.28 0.59*** 0.31*** 0.50 0.95*** 0.45*** 0.14***
(1.07) (2.72) (3.02) (1.40) (3.08) (3.25) (2.77)
OA 0.25 0.64** 0.38** 1.30 2.52*** 1.22** 0.83**
(0.84) (2.24) (2.47) (1.38) (2.80) (2.56) (2.57)
OPBE 0.02 0.58** 0.56*** 0.30 1.53*** 1.23*** 0.67**
(0.05) (2.57) (3.27) (0.43) (3.19) (3.27) (2.44)
MOM -0.20 0.64** 0.84** -0.26 1.57*** 1.83*** 0.99***
(-0.48) (2.44) (2.47) (-0.52) (3.89) (4.37) (4.08)
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Table A.10: Fama-French Three-Factor Regression Alpha for VMPA
This table reports the monthly risk-adjusted portfolio returns as the intercepts in the Fama-French three-
factor model. Panel A reports the risk-adjusted portfolio returns of original anomalies for stocks in short
legs, long legs, and hedged portfolios. Panel B reports the risk-adjusted portfolio returns for anomalies with
VMPA and the improvements. Newey and West (1987) robust t-statistics are in parentheses. Significance
level at the 1%, 5%, 10% levels are indicated by ***, **, and *, respectively.
Panel A: Original Panel B: With VMPA
Short Long Long-Short Short Long Long-Short Improvement
AG -0.70*** -0.18 0.53*** -0.98*** -0.03 0.95*** 0.42***
(-7.04) (-1.57) (6.01) (-3.88) (-0.09) (5.37) (4.00)
BM -0.44*** 0.20** 0.64*** -0.48*** 0.53*** 1.01*** 0.37***
(-5.51) (2.38) (8.32) (-2.74) (2.92) (7.48) (4.11)
GPA -0.62*** 0.27*** 0.90*** -0.83*** 1.05*** 1.89*** 0.99***
(-5.42) (3.73) (9.45) (-3.05) (5.29) (9.28) (8.75)
IG -0.32*** 0.06 0.39*** -0.32 0.54* 0.86*** 0.47***
(-3.09) (0.67) (5.56) (-1.05) (1.70) (5.18) (4.35)
NOA -0.57*** 0.13 0.70*** -0.90*** 0.74*** 1.65*** 0.94***
(-6.12) (1.47) (7.65) (-3.31) (2.64) (7.80) (7.52)
NSI -0.76*** 0.08 0.84*** -0.98*** 0.27 1.24*** 0.40***
(-8.02) (0.82) (7.88) (-6.23) (1.56) (8.13) (6.09)
OA -0.39*** -0.12 0.27*** -1.02*** -0.22 0.80*** 0.53***
(-4.37) (-1.23) (4.70) (-3.39) (-0.68) (4.53) (4.42)
OPBE -0.57*** 0.07 0.64*** -0.96*** 0.38* 1.34*** 0.70***
(-4.80) (1.06) (5.97) (-3.21) (1.93) (6.02) (5.57)
MOM -0.84*** 0.21** 1.05*** -1.16*** 0.51*** 1.67*** 0.63***
(-4.37) (2.04) (4.52) (-4.58) (2.75) (6.46) (6.49)
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Figure A.1: Portfolio Cumulative Returns
This figure shows the trend of the average cumulative monthly return series around the rebalancing dates
for Global firms, Domestic firms, and LAIS firms. The rebalancing dates are the end of June every year.
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